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Abstract 
An understanding of the genetics of maize kernel growth and development will provide 
valuable insight into a complicated physiological process.  The genetics of kernel growth and 
development is of interest not only to plant scientists who seek to understand the underlying 
molecular mechanism  but also to plant breeders who seek to develop improved hybrids with 
faster growing, larger kernels.  In order to better understand the genetics of kernel growth and 
development, biomass accumulation and moisture content were observed in a sample of hybrids 
and a set of doubled haploids derived from a cross of elite inbred lines and testcrossed to an elite 
inbred. Biomass accumulation and moisture content were assayed starting shortly after pollination 
and continued at regular time intervals until physiological maturity. Samples were taken in 2009 
and 2010 which differed significantly for weather patterns, providing an opportunity to compare 
results from distinct environments. 
Plots of biomass accumulation vs. growing degree days (GDD), indicated a sigmoid 
function would likely describe biomass accumulation.  Nonlinear functions that produce a 
sigmoid curve were compared and contrasted to identify a model for description of biomass 
accumulation.  Each of the functions selected for comparison had to meet three requirements.  
The function has to produce a sigmoid curve, the parameters should have biological meaning in 
the context of kernel biomass accumulation, and the model should easily converge over a range of 
growth patterns.  Five functions were considered along with methods to account for the 
heteroscedastic errors.  The Gompertz function was selected with the residuals modeled using the 
power function.   
A function was sought that described moisture content in the same context as biomass 
accumulation.  After observing moisture content regressed against GDD, the hypothesis was 
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formed that moisture content could be modeled using the first derivative of the Gompertz 
function.  The first derivative is also termed the rate of change function, and it was found that the 
rate of change function could be used to model the moisture content.  We hypothesize that the 
moisture content can act as a latent variable for biochemical reaction rate when it is modeled 
using the rate of change function.   
Finally, the two models for biomass accumulation and moisture content were applied to a 
mapping population consisted of testcrossed double haploids.  Composite interval mapping and 
multiple-trait interval mapping were used to determine quantitative trait loci (QTL) associated 
with parameter values estimated from the nonlinear functions.  Using these methods, ten QTL 
associated with biomass accumulation and twenty-eight QTL associated with moisture content 
were found.  QTL associated with biomass or moisture often co-localized to the same region of 
the genome.  A candidate gene search was conducted based on the QTL mapping results.  
Families of annotated genes responsible for synthesis of glucose and ethylene, defense, ribosomal 
proteins, and cell division and survival represent the most likely candidates. 
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Chapter 1: General introduction 
Growth and development has been described using mathematics for over 175 years 
(Gompertz, 1825).  The use of nonlinear functions provides a concise measure of a variety of 
physiological traits associated with growth and development that would otherwise be difficult to 
observe (Thornley and France, 2007).  Maize kernel growth and development is a complex 
process, and the description of the processes involved benefits from the application of a nonlinear 
function to the process over growing degree days (GDD), a measure of heat accumulation over a 
period of development.  The study described herein used nonlinear functions to describe two 
aspects of kernel growth and development: biomass accumulation and moisture content.  
Nonlinear functions were compared and contrasted.  Functions that best described the data were 
selected and used to describe segregating doubled haploids from a cross of two elite inbred maize 
lines.  The resulting parameter estimates were used as phenotypes to find QTL associations with 
segregating markers in the DH lines.    
The physiological traits that can be determined from a nonlinear function are useful in 
understanding the nature of kernel growth and development.  Common parameter meanings 
include the relative growth rate and time to maximum growth rate (Thornley and Johnson, 1990).  
Both of these are aspects of kernel growth with valuable information about the nature of growth 
processes.  The features of the nonlinear function that best fits the data from such processes can 
also give indications about the nature of growth and development.  For example, some nonlinear 
functions such as the logistic function will produce symmetric curves (Verhulst, 1838; Yin et al., 
2003).  Other functions, including the Gompertz, Weibull and Richards functions, will produce 
asymmetric curves (Gompertz, 1825; Weibull, 1951; Richards, 1959; Yin et al., 2003).  The 
symmetry or asymmetry of the curve indicates whether or not transitions between growth phases 
occur at the same rate (Thornley and France, 2007). 
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Other parameters found in nonlinear functions that describe growth and development are 
valuable for selection of improved hybrids and lines in plant breeding.  The upper asymptote in 
the sigmoid nonlinear functions can serve as an estimate of final kernel weight.  Information 
about the growth rate can aid in selection for faster maturing lines with increased final kernel 
weights (Hay and Porter, 2006).   
Both the understanding of kernel growth and development as well as selection is aided by 
knowledge of the genetics that control the values of parameters estimated in nonlinear models.  
The first step in dissecting the genetic control of a trait is to determine the nature of the trait.  
Previous studies have used segmented models to describe kernel growth (Borrás and Otegui, 
2001; Gambín et al., 2007; Sala et al., 2007; Gambín et al., 2008; Tanaka and Madonni, 2008; 
Borrás et al., 2009; Mayer et al., 2012).  These studies have shown that there are differences 
between hybrids for physiological traits such as growth rate and final kernel weight.  
Additionally, these traits appear to be continuously variable; suggesting that these traits are of a 
quantitative nature.  When phenotypic traits are of a quantitative nature, QTL mapping can be 
used to associate regions of the genome with a variable phenotype and is an effective way to 
begin the dissection of complex traits, such as the ones associated with variability in nonlinear 
functions of growth and development (Lynch and Walsh, 1998).  The study discussed in this 
dissertation identified nonlinear models to describe kernel growth and subsequent application of  
QTL mapping to identify candidate genes of interest.  
This dissertation is organized according to the goals of the study described.  The first 
chapter and goal was to select and describe an appropriate nonlinear function and model for 
biomass accumulation in maize kernels.  The second chapter and goal was to find a model of 
maize kernel moisture content that can be related to biomass accumulation while maintaining 
biological meaning of the parameters.  The third chapter and final goal was to apply the 
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determined models to a QTL mapping population, and identify loci of candidate genes that were 
associated with parameter estimates.  In doing so, the loci identified provide a starting point to 
dissect the nature of the genetic control of maize kernel growth and development.  Additional 
chapters include this general introduction and literature review, as well as the final chapter which 
consists of conclusions and future work. 
Literature review 
Maize kernel growth and development 
Maize kernels begin to form early in the development of the plant.  At the V3 stage of 
maize development, when the ligules of three leaves are visible, ear formation initiates (Ritchie et 
al., 2003).  The ear begins as a shoot apical meristem that then differentiates into an inflorescence 
meristem.  Each of the nodes above the soil surface initiates an ear; all but the top one or two of 
which will degenerate (Bewley and Black, 1994). 
Growth occurs in such a manner that the most mature flowers are at the base of the ear 
and the inflorescence meristem at the tip (Figure 1).  The inflorescence meristem differentiates 
into rows of spikelet pair meristems which differentiate into two spikelet meristems.  Each 
spikelet meristem eventually becomes two floral meristems.  The upper floral meristem is 
dominant and eventually the lower flower degrades (Vollbrecht and Schmidt, 2009). 
The upper floral meristem at first forms a complete flower with both pistil and stamens 
present.  However the male portion of the flower quickly aborts growth leaving a pistillate flower 
(Vollbrecht and Schmidt, 2009).  As the ear continues to grow, each pistil begins to elongate to 
form the silk.  The silk will eventually emerge from the modified leaves or husks which surround 
the ear.  Once it has emerged from the husks, the silk is receptive to pollen (Bedinger and Russell, 
1994; Evans and Grossniklaus, 2009). 
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Before silk emergence occurs, an ovule must be formed.  Each flower contains a 
megagametophyte that gives rise to the haploid generation in the plant cycle.  The 
megagametophyte undergoes meiosis to produce two gametes.  These gametes, the egg and 
central cell, become the embryo and endosperm after fertilization (Evans and Grossniklaus, 
2009).  The haploid egg cell is flanked by two synergid cells which are thought to function in the 
guidance of pollen cells during fertilization.  There are also three antipodal cells which appear to 
serve as nutrient transfer cells.  The central cell contains two polar nuclei that fuse to form a 
diploid nucleus.  These and the surrounding embryo sac form the ovule (Evans and Grossniklaus, 
2009).   
Once mature, the ovule can undergo double fertilization.  Each pollen spore contains two 
sperm cells.  One fertilizes the egg cell to form a diploid embryo.  The other sperm cell fertilizes 
the diploid central cell to form a triploid endosperm (Sheridan and Clark, 2003; Evans and 
Grossniklaus, 2009; Bewley and Black, 1994).   
There are two views of embryo development.  One states that embryonic development is 
separate and distinct from further development of the plant.  The other viewpoint suggests that 
formation of the embryo is continuous with other stages of plant development, and the quiescent 
state simply interrupts plant development (Meinke et al., 1991; Kaplan and Cooke, 1997; 
Consinni et al., 2005).   
When the latter viewpoint is considered, embryo development is viewed in three modules 
or stages.  The first begins immediately after pollination with formation of the proembryo.  The 
first cell division gives rise to a large cell that will eventually become the basal suspensor, a tissue 
that aids in the transfer of nutrients from the maternal tissues to the developing plant, and a 
smaller cell that will become the embryo proper (Nardmann and Werr; 2009).  This division 
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results in the first axis of maize growth and establishes the asymmetry of the embryo (Hudson, 
2000; Nardmann and Werr, 2009).   
The second phase of cell division gives rise to a radial asymmetry that establishes the 
embryonic axis (Sheridan and Clark, 1993).  The root meristem (RM) and shoot apical meristem 
(SAM) form around this axis.  All of this occurs within five days of fertilization (Bewley and 
Black, 1994; Nardmann and Werr, 2009).  This stage marks the change from a largely ovoid 
proembryo to the cone-shaped embryo (Sheridan and Clark, 1993).   
Within 15 days of fertilization the coleoptilar ring is discernible from the scutellum and 
SAM.  The SAM continues to undergo mitosis to produce the first leaves over the course of 
kernel development.  The coleoptilar ring develops into the coleoptile which acts as protection to 
the five or six immature leaves that surround the SAM at germination.  The purpose of the 
scutellum has been widely debated.  One hypothesis is that it is a single cotyledon; another states 
that the scutellum is a tissue novel to grasses (Evans and Grossniklaus, 2009; Scanlan and 
Takacs, 2009).   
While the basic structures of the scutellum, SAM, and coleoptilar ring are differentiating, 
the root meristem elongates to form the primary root primordium (Sheridan and Clark, 1993).  
The root primordia contain the basic prestructures of the quiescent center and root vascular 
bundles, though they are not fully formed (Bewley and Black, 1994; Nardmann and Werr, 2009).   
The final stage of development occurs thirty to forty days after fertilization.  The final 
leaf primordia and one or two secondary root primordia are initiated (Figure 2).  Dehydration of 
the cells begins to occur after the ability to withstand desiccation is acquired.  Desiccation 
tolerance is incurred through the accumulation of materials that can maintain the hydrogen bonds 
previously maintained by water.  This allows the embryonic cells to lose 90-95% of the moisture 
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without cell death occurring (Durantini et al., 2008).  Finally, the embryo enters a quiescent state 
until germination is initiated (Sheridan and Clark, 1993).  The quiescent state is characterized by 
little metabolic activity and a cessation of development due to the lack of moisture (Durantini et 
al., 2008). 
Throughout embryo growth and development, the endosperm is forming to provide a 
source of nutrients to the germinating plant.  Development of the endosperm goes through four 
stages (Brown and Lemmon, 2007).  The first stage begins immediately after pollination.  The 
diploid central cell is fertilized with a second sperm cell to form a triploid endosperm (Bewley 
and Black, 1994).   A syncytium is formed from the central cell through the synchronous division 
of the triploid nucleus in the absence of cell division (Becraft, 2001).   
Three to six days after pollination cell walls begin to form around the outermost nuclei 
marking the beginning of the second stage.  The cellularization continues in a cyclical pattern 
until the final nuclei are separated (Lopes and Larkins, 1993).  Approximately 8-10 days after 
pollination the endosperm cells switch from mitotic division to endoreduplication.  DNA 
synthesis continues to occur in the absence of chromatin condensation in an asynchronous 
manner (Sabelli and Larkins, 2009).   
The majority of cell division and endoreduplication in the endosperm occurs within ten to 
fifteen days of pollination.  As the initial phase of endosperm growth comes to an end, a period of 
nearly linear accumulation of biomass begins within the endosperm (Borrás and Gambín, 2010).  
During this third phase the cells differentiate into one of four tissue types.  The basal endosperm 
transfer layer (BETL) transfers nutrients and moisture from the maternal tissues to the developing 
embryo and endosperm.  The second type of endosperm tissue, the embryo surrounding region 
(ESR), transfers materials from the BETL to the embryo’s basal suspensor.  Both of these tissues 
are situated near the base of the kernel (Scanlon and Takacs, 2009). 
7 
 
The starchy endosperm makes up the majority of the endosperm tissue.  Sugars are 
transferred from the maternal tissues through the BETL where they are packaged as starches into 
plastids (Scanlon and Takacs, 2009).  In addition to starch, protein and oil are stored in the 
starchy endosperm for use by the embryo during germination.  Overall, the reserves in the 
endosperm are made up of 88% starch, <1% oil, and 7% protein (Bewley and Black, 1994).  The 
remaining 4% is made up of materials such as raffinose that aids in desiccation tolerance or 
cellulose which is a component of cell walls (Brenac et al., 2006).   
The final endosperm tissue is the aleurone layer.  It is the only tissue in the kernel that 
does not become quiescent upon maturity.  Instead the aleurone layer maintains a low level of 
biochemical activity.  Upon germination, the aleurone layer releases enzymes that begin the 
digestion of starches.   Of the four tissues only the starchy endosperm and aleurone layer fates are 
reversible.  The fate of these two cell types is interchangeable and dependent on position within 
the kernel (Scanlon and Takacs, 2009). 
Each of these tissues must undergo significant growth and change before the seed is 
mature.  After accumulation of starch, oil and protein the starchy endosperm cells undergo 
programmed cell death (PCD).  Approximately 16 days after pollination, PCD begins to occur in 
the center and the apex of the starchy endosperm.  It spreads slowly through the kernel until 
physiological maturity.  This indicates that nutrients accumulate in these areas first while 
endosperm cells closer to the maternal tissues mature and undergo PCD later (Sabelli, 2011).   
At the end of the third phase, endosperm growth and development slows.  The slowing of 
nutrient transfer from the maternal tissues to the kernel may be controlled by the maternal parent 
or the kernel.  In fact it appears that both regulate the time at which the kernel matures (Egli, 
2004).  During the final phase of kernel development the sucrose, minerals, and amino acid 
transfer from the maternal plant cease and the final live cells of the starchy endosperm undergo 
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PCD.  The basal endosperm transfer layer also undergoes PCD near kernel maturity to form the 
black layer.  The darkening of the cells between the starchy endosperm and the pedicel is often 
used as an indication of physiological maturity (Young and Gallie, 2000; Scanlon and Takacs, 
2009).  Throughout this process the water in the endosperm cells is decreasing in quantity so that 
the reserves can withstand long periods before being accessed by the germinating embryo. 
The culmination of endosperm and embryo development is a kernel in a quiescent state.  
The only active cells are those of the aleurone layer, which maintain a low level of activity until 
germination is initiated.  At maturity the kernel is separate from the maternal plant; no further 
nutrients are supplied to the kernel and biomass accumulation ceases.  The moisture in the kernel 
continues to decrease and as little as 5-10% of the moisture may remain.  In this state the kernel 
can remain quiescent for an extended period of time (Borrás and Gambín, 2010).   
QTL mapping of physiology model parameters 
 A variety of studies have used combinations of physiology models and QTL mapping to 
study the genetic mechanisms underlying a variety of traits.  One of the first studies to do so in 
plants analyzed several physiological traits in barley using a mapping population derived from a 
cross of Apex x Prism.  One of the traits was the relative growth rate of leaf area (RGRL).  The 
RGRL was calculated as the slope of an exponential function applied to the regression of biomass 
on temperature.  QTL mapping of the RGRL was unsuccessful however (Yin et al., 1999).  The 
same mapping population used in the barley study of RGRL was later used in a study of the 
genetics of flowering phenology.  An ecophysiology model, a model that combines physiological 
traits and environmental variables, was used to estimate parameters related to flowering.  
Parameters included photoperiod response and developmental stages.  QTL were found for all 
parameters and tended to localize to the same regions of the barley genome (Yin et al., 2005). 
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 The genetics of flowering response has been studied using ecophysiological models in 
other species.   The flowering response of rice to variations in photoperiod and temperature was 
estimated using a phonological model.  Previously identified loci were found to be associated 
with one parameter further dissecting the nature of the effect of these genes on rice flowering 
response (Nakagawa et al., 2005).  QTL associated with flowering and floral induction in 
Brassica oleracea were found using a crop model across environments (Uptmoor et al., 2008).  
The QTL found were used in the advancement of the crop model by including genotype-specific 
parameters that allow more accurate prediction within a genotype (Uptmoor et al., 2011).   
 The genetics of maize leaf growth has been also been dissected using an ecophysiological 
model.  The primary objective of the study was to determine the source of the genetic variability 
of maize leaf response to water deficits.  Several parameters describing leaf elongation rate and 
the response of leaf elongation rate to various environmental factors were used in composite 
interval mapping (CIM).  The QTL associated with leaf growth parameters tended to localize to 
the same regions of the genome, as in the previous study discussed (Reymond et al., 2003).   
 These techniques of mapping physiological traits have been used in a wide variety of 
plant species with success.  Quilot et al. (2005) used an ecophysiological model to estimate 
parameters associated with peach fruit quality.  These parameters included estimates of sugar 
quantity and transfer of sugars to other compounds.  As before, QTL associated with the 
estimated parameters were frequently found at or near the same loci. Similar traits were mapped 
in tomato as well using a small sample of introgression lines (Prudent et al., 2011).  An 
ecophysiological model of grapevine development was applied to a population derived from a 
two-parent cross, and QTL mapped for time to significant stages of development.  Some QTL 
were found to be associated with previously annotated genes.  The parameters found to be 
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associated with the known genes were used to elucidate further connections between 
physiological mechanisms (Duchêne et al., 2012).  
QTL associated with carbon and nitrogen fixation in winter wheat were found using a 
conceptual model.  The conceptual model was used to estimate efficiency of nitrogen conversion 
and other efficiency parameters from measured traits such as total amount of nitrogen, and these 
parameters and estimates were used in composite interval mapping (Laperche et al., 2006).  A 
similar conceptual model was used to study nitrogen nutrition in Medicago truncatula.  
Efficiency parameters estimated from the conceptual model applied to observations taken under 
two levels of nitrate were used in QTL mapping.  Several candidate genes as well as loci known 
to be related to nitrogen use efficiency were found (Moreau et al., 2012). 
Marker-trait associations were compared to QTL found in a study of sorghum emergence 
using a three-part linear model.  Estimates of emergence rate and times to critical points in the 
number of plants that had emerged in the population were mapped in a diverse set of genotypes.  
It was determined that both QTL mapping and marker-trait association should be used to prevent 
false positives in marker-trait association and increase power over QTL mapping.  Genome 
regions that could be used in further regional association studies were identified (Fiedler et al., 
2012). 
All but the first of the previously mentioned studies share commonalties.  They use small 
sample sizes and a small number of environments.  The smallest sample size was twenty isogenic 
lines (Prudent et al., 2011) and the largest 241 double haploid lines (Laperche et al., 2006).  The 
complexity and number of measurements needed to construct a physiology model limit the 
experimental size (Thornley and France, 2007).  Despite the limitations of experimental size, 
QTL were found.  This suggests that the use of a physiology model may improve the ability to 
find QTL associated with the physiological trait of interest (Reymond et al., 2003).  Another 
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commonality between these studies is QTL associated with different parameters localizing to the 
same region of the genome.  The co-localizations of QTL suggest a strong correlation and 
probable pleiotropic effects at these loci.  These loci and the role they play in the genetic 
mechanisms of the physiological trait of interest are particularly interesting. 
Genetics of maize kernel growth and development 
Maize kernel development is a complex process involving the growth of two primary 
tissue types. The endosperm comprises the bulk of the mature kernel and is a triploid tissue with 
two copies donated from the maternal parent and one copy from the paternal parent.  The second 
tissue type, the embryo, is diploid and is generated from a separate fertilization event.  This 
results in the possibility that the two tissues carry different alleles donated from the paternal 
parent (Lopes and Larkins, 1993).  The double-fertilization and differences in ploidy level result 
in a complex and dynamic genetic effect within the kernel (Wang et al., 2009).  Also 
complicating the genetic effect is the interplay between the growing kernel and the vegetative 
tissues of the maternal plant.  The vegetative plant provides the water and nutrients to the 
developing kernel, and the flux of materials necessary for growth is affected by both the kernel 
and plant (Raissig et al., 2011). 
Kernel development and the interplay between kernel and maternal plant have been 
extensively studied.  This literature review will touch on some of the studies used to dissect the 
genetics of embryo and endosperm development.  The study of the genetics of kernel 
development has spanned all of the tissues and stages.  Single genes controlling one or more 
aspects of kernel growth have been isolated through various forward or reverse genetic screens. 
These papers have provided information about how single genes act in kernel development and 
growth and to some extent the networks associated with those genes (Candela and Hake, 2008).  
It is common to begin the description of a genic mechanism from the observation of various 
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mutations in a reverse genetic screen.  Among the cataloged mutations associated with kernel 
development, one of the largest groups is the defective kernel mutants.  The defective kernel or 
dek mutants were among the first reported kernel mutants (Neuffer and Sheridan, 1980; Scanlon 
et al., 1994).  Defective kernel mutants result in a wide variety of phenotypes and have been 
found to be associated with numerous genes.   
Sheridan and Clark (1993) conducted a survey of embryo and endosperm mutations from 
the Mutator stocks. These mutations were organized by tissue and stage of development.  As 
mentioned in the physiology portion of the literature review, there are three phases of embryo 
development.  The first stage of development begins immediately after fertilization.  The axes of 
symmetry and asymmetry are established.  Mutations at this stage were often viewed as an 
inability to appropriately define these axes.  The second stage of embryo development involves 
the formation of meristems, and mutations were associated with an inability to properly develop 
the root and shoot apical meristems.  As the embryo nears the final stage of maturity and 
desiccation, mutations of the embryo were frequently observed as improperly formed root and 
leaf primordia.  The majority of mutations associated with embryo development result in a 
nonviable kernel (Sheridan and Clark, 1993, Scanlon et al., 1994; Consonni et al., 2005; Nardman 
and Werr, 2009). 
Forward and reverse genetic screens have isolated a wide range of genes controlling the 
mechanisms necessary for the embryo to properly develop and the endosperm to accumulate the 
resources necessary for germination.  Genic mechanisms described also include those that control 
the ratio of starch, protein, and oil in the endosperm.  The opaque2 gene results in a soft, starchy 
endosperm with high lysine content.  It encodes a protein with a leucine zipper (Schmidt et al., 
1990; Halford and Shewry, 2007).  Epistatic interactions between opaque2 and other genes have 
been reported (Bass et al., 1992; Manicacci et al., 2009; Wu et al., 2010; Zou et al., 2010; Guo et 
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al., 2012).  Genes affecting starch composition include sugary1 and waxy (Shure, 1983; James et 
al., 1995).  The epistatic interactions of these and other genes related to starch and protein quality 
may affect kernel growth and development through the production, transport and storage of 
starch, protein, and their precursors (Hannah, 2007; Halford and Shewry, 2007).   
In order to begin understanding how multiple genes and traits that are affected by 
multiple genes act in kernel growth, quantitative genetic approaches are needed.  Studying the 
quantitative genetics of kernel growth and development has been difficult due to the complex 
nature of the endosperm and embryo genetic makeup. Despite this difficulty, many studies have 
worked to find quantitative trait loci (QTL) for kernel composition and other endosperm traits.  
Others have focused on the epistatic interactions that occur in the regulation of kernel 
development (Wang et al., 2009).   
The number of quantitative genetic studies related to kernel growth and development are 
too large to cover all of them in this review. A more thorough review of the work done to 
determine the quantitative genetics of endosperm development is available in Wang et al. (2009).    
The study of the genetics of embryo development is focused on qualitative genetics to the 
exclusion of quantitative genetics (Nardmann and Werr, 2009).  QTL studies have largely 
focused on kernel size or quality traits (Wang et al., 2009), but QTL mapping has also been used 
to dissect the quantitative genetics of dessication and abscisic acid (Capelle et al., 2010). 
A wide variety of kernel development traits have been studied using QTL mapping to 
determine the underlying quantitative genetics (Wang et al., 2009).  However recent studies have 
begun to include other techniques to dissect the genetics of kernel growth and development.  The 
maize nested association mapping population was used in an association mapping study of kernel 
composition traits.  These traits included the starch, oil, and protein contents of mature kernels.  
Studies such as this can provide information about the endosperm development by determining 
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genes that are involved in production, transport and storage of these materials (Cook et al., 2012).  
Yu and Setter (2003), Luo et al. (2008), Liu et al. (2008), and Liu et al. (2010) used gene 
expression profiling to determine which genes were up- or down-regulated at different stages of 
kernel development.  The genes or loci found in quantitative studies often overlap with those 
analyzed in qualitative genetic experiments.  Comparison of quantitative and qualitative studies 
gives a larger view of the genetic networks that underlie kernel growth and development (Cooper 
et al., 2005). 
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Figure 1: Developing maize ear 
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Figure 2: Mature maize kernel. a: silk scar; b: pericarp; c: aleurone; d: endosperm; e: scutellum; f: 
glandular layer of scutellum; g: coleoptile; h: plumule with stem and leaves; i: first internode; j: 
adventitious lateral root; k: scutellar node; l: primary root; m: coleorhiza; n: basal conducting 
cells of endosperm; o: brown abscission layer; p: pedicel or flower stalk (Kisselbach, 1949) 
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Chapter 2: Modeling biomass accumulation in maize kernels 
 
A paper to be submitted to Plant Physiology 
 
K.A. Meade, M. Cooper, W.D. Beavis 
 
Abstract 
Canonical models of growth and development were compared to determine which 
provided the best description of maize kernel biomass accumulation.  Observations of kernel dry 
weights starting shortly after pollination through maturity were regressed onto a measure of 
thermal time.  Observations from differing maize hybrids taken in two years with significantly 
different weather patterns were used to construct the model.    Three criteria were used to select 
from possible nonlinear growth and development functions.  The function has to produce a 
sigmoid curve, the parameters should have biological meaning in the context of kernel biomass 
accumulation, and the model should easily converge over a range of growth patterns. Of the five 
nonlinear functions described, the Weibull and Gompertz functions were found to describe the 
pattern of biomass accumulation best.  The application of a variance assumption was used to 
account for heteroscedastic errors and comparisons of methods of variance transformation or 
assumptions are included. 
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Introduction 
Maize kernel development and the accompanying biomass accumulation are complex and 
multifaceted processes.  However, a simple and accurate model of the accumulation of biomass in 
maize kernels could provide a much needed description of important aspects of kernel 
development.  The selected model would need to be flexible enough for use in a variety of 
environments and genotypes, but simple enough that it could be included in a more complex 
whole-plant model.  This paper describes the selection of such a model using a sample of 
commercial hybrids as an example.   
Maize kernels are part of the ear meristem and their growth is initiated as early as the 
three-leaf stage (Ritchie et al., 2008).  The tissues of the ear grow and differentiate, eventually 
forming many individual female flowers.  Each flower, or spikelet, has the potential to become a 
kernel of grain with a diploid embryo and triploid endosperm.  The pistil of the kernel elongates 
to form the silk which eventually grows out of the husks, modified leaves which surround the ear, 
and is receptive to pollen and fertilization (Kisselbach, 1949). 
The stage of growth when pollen shed begins and silks emerge represents a significant 
transition in the maize life cycle.  No further leaves are formed, and the ear or ears become the 
major sink, i.e. the primary user of photosynthate (Ritchie et al., 2008).  This is also the stage of 
growth in which kernels can be distinguished and described.  Beginning with fertilization, kernels 
can be measured and evaluated throughout its growth and development.  The cells of the embryo 
and endosperm begin dividing immediately after a double-fertilization event, but little or no 
biomass is accumulated until ten to fifteen days after pollination.  Once biomass accumulation 
begins, it continues at a nearly constant rate until the kernel starts to approach physiological 
maturity.  The preparation for physiological maturity is evidenced by a slowing of biomass 
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accumulation, the formation of a layer of dead cells at the abscission zone, and loss of moisture.  
After physiological maturity, the kernel enters a quiescent state until germination (Kisselbach, 
1949).  
Kernel growth has been viewed from the perspective of the biochemical reactions within 
the embryo (Murray, 1988) and the endosperm (Lopes and Larkins, 1993), and from the 
perspective of genetic regulation at each stage (Wang et al., 2009).  One way to encompass all of 
these perspectives is through modeling kernel growth.  Models of plant growth have been 
developed for many species and processes (Thornley and France, 2007).  This is because a model 
of a growth process can provide descriptions and predictions that would be difficult to obtain 
experimentally. For example, growth measurements are time and resource consuming; 
development of a model to describe growth of a plant can save on both.  Once a model is in place 
it is relatively easy to view the effect that changes in environment or genotype may produce, and 
fewer observations are needed to predict the outcome of such changes (Thornley and France, 
2007).  Kernel growth has been modeled many times using many different methods (see below).  
However these models have largely failed to describe biomass accumulation in the kernel using a 
continuous function.  Nonlinear models are often continuous.   
One example of a nonlinear function is a sigmoid function which produces an s-shaped 
curve.  Two of the most recognizable sigmoid curves, the logistic and the Gompertz, were 
initially derived to describe population growth under limiting conditions and human mortality 
respectively (Verhulst, 1838; Gompertz, 1825).  These and other sigmoid functions have since 
been applied to a wide variety of agricultural processes, particularly physiological processes of 
plants (Thornley and Johnson, 1990; Peek et al., 2002; Yin et al., 2003).   
The accumulation of biomass in a kernel of grain follows a sigmoid pattern of growth.  
The pattern of sigmoid kernel growth is similar among maize, sorghum (Gambín et al., 2008) and 
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wheat (Pepler et al., 2006).  There is an initial phase, termed the lag phase, in which endosperm 
cells undergo division during which there is little or no biomass accumulation.  The second phase 
of growth is near-linear with continuous accumulation of dry matter within the endosperm.  The 
final phase is the slowing of growth until a final weight is reached.  At some point in the final 
stage, the kernel reaches physiological maturity and ceases to accumulate biomass (Bewley and 
Black, 1994; Murray, 1988; Sala et al., 2007; Saini and Westgate, 1999).   
Data for biomass accumulation can be obtained through either a destructive or 
nondestructive method.  Ideally a nondestructive method would be used to measure kernel 
biomass accumulation.  This would allow for multiple measurements to be taken on the same 
individual  When a destructive sampling technique is used, multiple individuals must be 
measured; however variability among individuals’ genetic backgrounds and environmental 
conditions will increase the overall experimental error (Thornley and France, 2007).   A method 
of estimating moisture percentage of the ear as a whole has been developed with some success 
(Reid et al., 2010).  However, there are multiple obstacles to estimating biomass accumulation of 
a kernel while it is still attached to the ear.  The ear consists of a central cob with rows of kernels 
attached, and layers of husks surrounding the kernels.  Adjacent kernels make estimating an 
individual kernel weight extremely difficult, and the moisture content must be removed or 
estimated before the biomass content can be determined.  The husks, modified leaves surrounding 
the ear, are an important source of photosynthate and damaging the husks may reduce the overall 
accumulation of biomass in the ear (Murray, 1988).  For these reasons, a destructive method 
involving the harvesting of an ear from the field and removal of kernels from that ear is 
commonly used (Borrás et al., 2010).  Taking samples from individuals with identical genotypes 
help to reduce the experimental variability and can be used to construct a model of biomass 
accumulation. 
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There are many ways to model biomass accumulation in a kernel of grain.  Perhaps the 
simplest method would be to isolate the samples taken at a point in development and measure the 
dry weight of the kernel as a phenotypic trait.  However, a biomass measurement taken at the end 
of grain filling will provide no information on grain fill as a process.  Measurements from 
multiple growth stages in a longitudinal design could be analyzed as a multivariate trait, but 
underlying assumptions about non-correlated errors would be erroneous (Davidian and Giltinan, 
2003). Further, information about the underlying process is often lost with this technique (Weiner 
and Thomas, 1992; Vega and Sadras, 2003).   
Another approach is to consider the stage of linear growth and attempt to determine the 
growth rate of the kernel by determining the slope of the linear regression of dry weight of the 
kernel onto GDD.  This empirical technique has been used for several species including maize, 
barley, and wheat (Tollenaar and Bruulsema, 1988; Reddy and Daynard, 1983; Jones et al., 1996; 
Voltas et al., 1999; Ehdaie et al., 2008; Cross, 1975).  Determination of the growth rate is of 
considerable interest when studying source/sink ratios between the plant and the kernel (Jones et 
al., 1996; Borrás and Otegui, 2001). However measurements taken during the lag phase and after 
physiological maturity were not considered in these studies.  Further, within each study, times 
were selected to distinguish the beginning and end of the linear phase of growth.  Selection of the 
time at which the linear growth period begins and ends was subjective and differed among studies 
in maize (Tollenaar and Bruulsema, 1988; Reddy and Daynard, 1983; Jones et al., 1996; Cross, 
1975).   
The second form of linear model is the segmented model which combines multiple linear 
models to describe a nonlinear process.  This has been by far the most common approach to 
describe kernel growth.  First described as a method to determine the ear fill period and growth 
rate, the use of a segmented model has been argued as a means to avoid taking observations at the 
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beginning and end of kernel growth (Egli, 1998).  A bilinear model has been used in maize to 
describe the period of linear growth and the period after the kernel has reached its final weight.   
(Borrás et al., 2009; Tanaka and Madonni, 2008; Borrás and Otegui, 2001; Gambín et al., 2007; 
Mayer et al., 2012; Sala et al., 2007; Gambín et al., 2008).  A similar approach has been used for 
sorghum (Gambín et al., 2008) and wheat (Brocklehurst 1977; Pepler et al., 2006).  An additional 
segment has been added to create a tri-linear model that also describes the lag phase for sorghum 
(Gambín and Borrás, 2007) and wheat (Calderini et al., 2000; Calderini and Reynolds, 2000).  A 
fourth phase was added to a model describing sorghum kernel growth to describe the break 
approximately midway through the linear growth phase at which growth decreases, but not to the 
extent of the final phase (Yang et al., 2010).  Segmented models are computationally tractable 
and much less complex than a mechanistic nonlinear model.  However this comes at the expense 
of being highly susceptible to outliers, particularly at the breakpoints where models meet.  These 
models are also highly reliant upon the analyst to provide an appropriate number of segments and 
positions of breakpoints (Hunt, 1982). 
The use of segmented models assumes that each stage of growth is distinct from the next.  
The available physiology and observations from previous studies suggests that this is not the case.  
Growth of the embryo and endosperm is continuous throughout kernel development (Nardman 
and Werr, 2009; Scanlon and Takacs, 2009).  There is information about the nature of the 
biological processes occurring that is lost when growth and development are not considered in a 
continuous manner (Thornley and France, 2007).  For example, segmented models often use the 
intersection of the second and third segments to indicate physiological maturity (Borrás et al., 
2009; Tanaka and Madonni, 2008; Borrás and Otegui, 2001; Gambín et al., 2007; Mayer et al., 
2012; Sala et al., 2007; Gambín et al., 2008). This would indicate that growth continues unabated 
until it abruptly stops and physiological maturity is reached.  Studies of programmed cell death 
and maturation of maize kernels have determined that physiological maturity is not abruptly 
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reached.  Instead embryo cells enter a quiescent state and endosperm cells undergo programmed 
cell death over a period of time (Egli, 2004, Young and Gallie, 2000; Scanlon and Takacs, 2009).  
For all of these reasons, a continuous model of kernel growth is needed. 
A class of nonlinear functions that is easily related to the linear models is those based on 
polynomials (Kutner et al., 2005).   Polynomials are flexible but the parameter values lack any 
meaning and are difficult to interpret from a biological perspective (Peek et al., 2002; Lei and 
Zhang, 2004).  A lack of biological meaning negates much of the value of a model.  While the 
model may be used for prediction purposes, there is little information gained about the biological 
processes that are occurring.  The lack of information about the biology means that no knowledge 
about the physiology is gained.  Polynomial models can be prone to over-fitting, and the ability of 
the model to closely describe the growth curve must be carefully balanced against the need for a 
simple but more powerful model (Yin et al., 2003).  A step-wise regression procedure has been 
used to select polynomial functions for wheat kernel growth.  The model that best fit biomass 
accumulation in the kernel differed between years suggesting a significant environmental effect 
on kernel growth (Pržulj and Momčilovič, 2011). 
A continuous nonlinear model can be used to describe kernel growth.  There are many 
nonlinear functions that model a sigmoid curve, and several of these can be used to model plant 
growth with biological meaning (Thornley and France, 2007; Hunt, 1982; Thornley and Johnson, 
1990).  Nonlinear functions have been used to model kernel growth in multiple species.  The 
logistic function (Melchiori and Caviglia, 2008) and the Weibull function (Sala et al., 2007) have 
been used to model maize kernel weight as a function of thermal units.  The logistic function has 
also been used to describe the growth pattern of triticales (Santiveri et al., 2002) and wheat 
(Darroch and Baker, 1990).  An important difference between the available sigmoid models is 
whether or not a symmetric growth curve is forced.  The logistic function assumes that the 
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transition from the lag phase to the near-linear growth phase and from growth to maturity occurs 
at the same rate (Thornley and Johnson, 1990).  Comparing nonlinear models using a data set 
with observations from all phases of kernel growth after pollination provides a valuable 
opportunity to study whether or not kernel growth is a symmetric process.   
None of the previously described studies attempted to contrast the features among 
nonlinear models for the description of kernel growth as a function of thermal units.  Criteria for 
such contrasts would include a sigmoid function to allow for smooth transitions between growth 
phases and the parameters would have biological meaning in terms of kernel growth.  The 
research reported herein was conducted to identify a parsimonious and powerful nonlinear 
function to model maize kernel growth as a function of thermal units.  Five nonlinear functions 
were evaluated for biomass accumulation as a function of thermal units.  Statistical procedures 
for the comparison of nonlinear models are described as well as the incorporation of a variance 
function to account for heterogeneity of variances.  A final model is presented that incorporates a 
nonlinear regression of kernel weight into a model with a fixed effect of genotype and a variance 
function to account for heterogeneity of variances. 
Materials and methods 
Field and entry description 
The experiment was conducted over two years, 2009 and 2010 in Dallas Center, Iowa.  
For purposes of formulating a robust model to describe the variability in kernel biomass 
accumulation, developing ears were harvested throughout the grain filling period in plots 
consisting of five  hybrids in 2009 and ten hybrids in 2010.  Each plot was 5.4m with a row width 
of 76.2cm.  Planting rate was 32 seeds per plot.  The plots were replicated five times in 2009, 
where the first four replications were sampled, with the fifth replication being used when one of 
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the first four replications had fewer than 21 plants.  In 2010 each two-row plot was replicated 
three times, and plants from all three replications were harvested.  The experimental design was a 
randomized complete block design in both years.  The planting rate was 64 seeds per plot.  Row 
length and spacing in 2010 was the same as in 2009. All hybrids tested were 111 comparative 
relative maturity (CRM) hybrids provided by DuPont Pioneer (Table 1).   
Calculation of growing degree days 
Growing degree days (GDD) are measured in thermal units.  This method of 
measurement was developed to improve accuracy in estimation of physiological maturity in 
maize hybrids 40 years ago and continues to be the standard (Cross and Zuber, 1972; Sprague and 
Dudley, 1988).  Weather information throughout the growing season was collected at Dallas 
Center, Iowa.  Maximum (Max) and minimum (Min) temperatures in degrees Fahrenheit were 
used in the calculation of growing degree days for each day as: 
𝐺𝐷𝐷 =  (𝑀𝑎𝑥 + 𝑀𝑖𝑛)2 − 50 
(Cross and Zuber, 1972). A late planting date and early frost resulted in a shortened growing 
season for 2009.  In addition, temperatures were below average for Iowa in 2009.  The 
environment was significantly different for the 2010 growing season.  Rainfall was above 
average, while temperatures were near average and resulted in a full growing season for 111 
CRM hybrids.  Historic average temperatures and rainfall are available at Mesonet 
(http://mesonet.agron.iastate.edu).   
Kernel dry weight evaluation over the growing season 
Biomass accumulation was determined from kernel dry weights collected throughout the 
growing season starting shortly after the appearance of silk.  Shortly before flowering, plants 
30 
 
within a plot were individually labeled.  Silk notes were taken on a per plant basis, and sampling 
was started approximately four days after 50% of the plants in a plot had silked.  The date on 
which the top ear of a plant had visible silks was noted.  The accumulated GDD from silk to 
harvest of an ear were calculated starting on the day the silks emerged from the ear until the day 
that the ear was harvested.   
An ear was harvested from a plot once every three days.  The plant label was taken with 
the ear to identify the ear and when it was harvested.  The GDD that had accumulated between 
silk and harvest were calculated.  Ears from plants that were root lodged or did not have 
neighboring plants within the row were noted and discarded because kernel biomass 
accumulation would have been biased (Duvick and Cassman, 1999).  Approximately eighty and 
sixty samples were taken for each entry in 2009 and 2010 respectively. 
After harvesting the ear, fifteen kernels were excised and placed in a pre-weighed vial  
Kernels were sampled from rows ten to fifteen above the base of the ear; the glumes and pedicel 
were removed.  The samples were dried in a 70ᵒC oven for 96 hours, after which dried kernels 
were weighed to determine the dry weight of the sample.  The kernel dry weight was determined 
by subtracting the initial vial weight and dividing by 15 to determine the milligrams of dry weight 
per kernel at harvest (Borrás et al., 2002). 
Evaluation of biomass accumulation models 
Biomass accumulation in maize kernels results in an s-shaped curve that can be modeled 
using a nonlinear growth function with growing degree days (GDD) as the predictor, and dry 
weight as the response.  The initial step of selecting a nonlinear function to model maize kernel 
growth is the selection of several possible equations that fit the basic shape with parameters that 
can be biologically interpreted.  Possible functions were screened based on three criteria: 1) the 
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function produces a sigmoid curve, 2) the parameters have biological meaning for biomass 
accumulation in maize kernels  and 3) the model should be computationally tractable, i.e., 
computations should converge on estimates of the parameters.  Based on these criteria five 
possible models were evaluated: Logistic, Gompertz, Chanter, Weibell and Richards.  There are 
multiple parameterizations of these models.   
The most basic is the logistic equation (Verhulst, 1838; Yin et al., 2003).  The logistic 
produces a symmetric, s-shaped curve.   
𝑊 =  𝑊𝑓−𝑊0
1+𝑒−(𝑔−𝑀)/𝑠                                                    (Eq. 1)   
     
There are many different possible parameterizations of the logistic curve.  However, the basic 
framework included parameters that describe the upper and lower asymptote (W0 and Wf 
respectively), a scalar parameter with limited biological meaning (s), and a parameter that 
estimates the GDD (g) at which the inflection point of the curve is reached (M).  In addition, the 
upper asymptote can be halved to determine the weight at the inflection point.  A three-parameter 
logistic was also considered in which the lower asymptote was set to zero  
𝑊 =  𝑊𝑓1 + 𝑒−(𝑔−𝑀)/𝑠                                             (Eq. 2)   
The logistic function meets the requirements of irreversible growth, substrate is proportional to 
the rate of the biochemical reactions, and the dry weight (amount of biomass) is proportional to 
the enzyme quantity involved in the biochemical reactions.  It is one level of complexity over the 
simple exponential growth and monomolecular functions where the biochemical reactions occur 
at a constant rate and substrate is unlimited respectively (Thornley and Johnson, 1990). 
The second function considered was the Gompertz (Yin et al., 2003; Winsor, 1932).  
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𝑊 =  𝑊𝑓𝑒−𝑒−𝑘(𝑔−𝑀)                                                              (Eq. 3)     
The Gompertz is similar to the logistic function in that it produces an s-shaped curve.  However, 
substrate is assumed to be unlimited and biochemical reaction rates are reduced as GDD 
accumulate (Thornley and Johnson, 1990). This results in the possibility of an asymmetric curve 
and increased flexibility over the logistic, but with a fixed inflection point.  There are three 
parameters including the upper asymptote (Wf), the relative growth rate (k), and the GDD at 
which the growth rate is maximized (M) (Yin et al., 2003). 
The Chanter equation is a combination of the Gompertz and logistic equations (Thornley 
and France, 2007).  
𝑊 =  𝑊0𝐵
𝑊0 + (𝐵 −𝑊0)𝑒−µ𝐷(1−𝑒−𝐷𝑔)                                    (Eq. 4)   
𝐵 =  𝑊𝑓𝑊0(𝑒µ𝐷 − 1).
𝑊0𝑒
µ
𝐷 −𝑊𝑓
 
The Chanter assumes that substrate is proportional to biochemical reaction rates, while the 
reaction rates slow as GDD accumulate.  The parameters of the Chanter equation describe the 
decay of the growth rate (D), the specific growth rate (µ), the lower asymptote (W0), and a 
parameter that can be used to derive the value of the upper asymptote (B).  The Chanter was 
formulated for use in mushroom growth (Chanter, 1976), and it is not widely used for plant 
growth.  Kernel growth rate interpretations are not obvious.  
The modified Weibull function (Weibull, 1951; Yang et al., 1978)  
𝑊 = 𝑊𝑓 − �𝑊𝑓 −𝑊0�𝑒−𝑎𝑔𝑏                                              (Eq. 5)  
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was derived from the Weibull probability function (Yang et al. 1978). The parameters describe 
the maximum weight (Wf), minimum weight (𝑊0), and the shape (a). and scale of the curve (b).  
The Weibull function is flexible and has been used to describe a wide variety of plant growth 
systems (Thornley and France, 2007). It shares many similarities with the logistic and Gompertz, 
but the weight at GDD zero can be zero unlike other functions which approach zero 
asymptotically (Yin et al., 2003). 
The Richards equation (Richards, 1959; Gregorczyk, 1998) includes an additional 
parameter, relative to the Weibull, that allows for an asymmetrical growth curve without a fixed 
inflection point.  It can also be reduced to the Gompertz and logistic functions in special cases.  
As was done for the logistic, two different Richards equations were considered.  The first was a 
five-parameter model with a lower asymptote (W0) that can vary from zero (Badsberg, 2011).  
𝑊 = 𝑊𝑓 + 𝑊0 −𝑊𝑓(1 + (2𝑣 − 1)𝑒�𝑔−𝑀𝑠 �)1𝑣                                 (Eq. 6)   
The second parameterization sets the lower asymptote to zero.   
𝑊 = 𝑊𝑓(1 + (2𝑣 − 1)𝑒�𝑔−𝑀𝑠 �  )1𝑣                                           (Eq. 7)  
The other parameters represent the upper asymptote (Wf), a parameter that describes the GDD at 
which the inflection point is reached (M), a parameter that describes the scale (s), and another that 
describes the shape of the curve (v) (Yin et al. 2003). 
Each equation was initially evaluated on a per-entry basis to obtain estimates of 
appropriate starting values.  The initial analysis took the form of 
𝑦𝑖𝑗𝑘 = 𝑓�𝛷𝑖𝑗𝑘;  𝑔𝑖𝑗𝑘� + 𝑒𝑖𝑗𝑘                                                  (Eq. 8)  
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Where yijk is the kernel dry weight of a given entry i in replication j at observation k; f is the 
nonlinear function of GDD g measured in GDD with parameters 𝛷𝑖𝑗𝑘; and eijk is the residual error 
that is assumed to be distributed as 𝑁(0,𝜎2).   Each nonlinear model was initially evaluated for 
each entry and replication using nlsList in R.  Starting values were determined using self-starting 
functions (Pinheiro and Bates, 2000; Badsberg, 2009).  Estimates of the parameters were 
calculated for each entry and replication, and averaged to determine a starting value for each 
parameter for the next stage of analysis unless otherwise noted (Pinheiro and Bates, 2000). 
A second stage of analysis estimates parameters using maximum likelihood for all entries 
simultaneously using GNLS in R (Pinhero and Bates, 2000).  The combined analysis treats the 
entries and replications as fixed effects and can be expressed in matrix form as  
 𝒚𝒊𝒋  =  𝒇𝒊𝒋�𝛷𝑖𝑗,𝒈𝑖𝑗� + 𝜺𝑖𝑗   
  𝜺𝑖𝑗 ~ 𝑖𝑖𝑑,𝑁(𝟎,𝜎2𝑰) 
𝒚𝒊𝒋 =  � 𝑦𝑖𝑗1𝑦𝑖𝑗2⋮
𝑦𝑖𝑗𝑛𝑖
�,  𝜱𝒊𝒋 =  
⎣
⎢
⎢
⎡
𝛷𝑖𝑗1
𝛷𝑖𝑗2
⋮
𝛷𝑖𝑗𝑛𝑖⎦
⎥
⎥
⎤ = 𝑨𝒊𝒋𝜷,  𝜺𝒊𝒋 =  � 𝜺𝑖𝑗1𝜺𝑖𝑗2⋮
𝜺𝑖𝑗𝑛𝑖
�,  𝒇𝒊𝒋�𝛷𝑖𝑗,𝒈𝑖𝑗� =  
⎣
⎢
⎢
⎢
⎡  𝑓�𝛷𝑖𝑗1,𝑔𝑖𝑗1� 𝑓�𝛷𝑖𝑗2,𝑔𝑖𝑗2�
⋮ 𝑓�𝛷𝑖𝑗𝑛𝑖 ,𝑔𝑖𝑗𝑛𝑖�⎦⎥⎥
⎥
⎤   (Eq. 9)  
𝒈𝒊𝒋 =  � 𝒈𝑖𝑗1𝒈𝑖𝑗2⋮
𝒈𝑖𝑗𝑛𝑖
�,  𝑨𝒊 =  
⎣
⎢
⎢
⎡
𝑨𝑖𝑗1
𝑨𝑖𝑗2
⋮
𝑨𝑖𝑗𝑛𝑖⎦
⎥
⎥
⎤
 
where 𝒚𝒊𝒋 is the vector of observations for each entry i and replication j, 𝑨𝒊𝒋 is an incidence 
matrix for each entry and replication, and 𝜷 is a vector of fixed effects with a mean parameter 
value and a fixed effect for each entry and replication (Pinheiro and Bates, 2000; Davidian and 
Giltinan, 2003). 
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Of the assumptions underlying the residual errors, the assumptions of independence and 
identical distributions are the most important.  The possibility of a serial correlation of the 
residuals was estimated for residuals from adjacent samples within the same entry using an 
intraclass correlation estimate 
𝑐𝑜𝑟�𝑒𝑖𝑗𝑘 , 𝑒𝑖𝑗𝑘′� =  𝜌                                                           (Eq. 10)  
where ρ is the estimated intraclass correlation coefficient. 
To address any deviation from the basic assumption of the residuals being independently 
distributed, three different approaches for possible heteroscedastic errors were investigated.  The 
first was the log-transform both sides method where response and function retain the same 
biological meaning (Dividian and Giltinan, 1995).  The model using the log-transformations can 
be represented as 
𝒍𝒏(𝒚𝒊𝒋). = 𝒍𝒏( 𝒇𝒊𝒋�𝜱𝑖𝑗,𝒈𝑖𝑗� + 𝜺𝑖𝑗).                                (Eq. 11)  
The other methods involve the addition of parameters to model the residuals as a function of 
GDD or the fitted values.  The power method models the residuals as a function of a power of the 
absolute value of GDD (Eq.12) or the fitted values (Eq.13).  
𝑉𝑎𝑟�𝜀𝑖𝑗𝑘� =  σ2�𝑔𝑖𝑗𝑘�2𝛿                                                    (Eq. 12) 
𝑉𝑎𝑟�𝜀𝑖𝑗𝑘� =  σ2�𝑦�𝑖𝑗𝑘�2𝛿                                                      (Eq. 13) 
The parameter δ results in a decrease of the variance as GDD increases, when δ is restricted to the 
interval between 0 and 1. 
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The exponential method is similar to the power method.  It uses an exponential function 
of GDD or the fitted values, and an additional parameter to account for the increase in variance of 
the residuals over GDD (Eq.14) or the fitted values (Eq.15).   
𝑉𝑎𝑟�𝜀𝑖𝑗𝑘� =  σ2 exp�2𝛿𝑔𝑖𝑗𝑘�                                           (Eq. 14) 
𝑉𝑎𝑟�𝜀𝑖𝑗𝑘� =  σ2 exp�2𝛿𝑦�𝑖𝑗𝑘�                                           (Eq. 15) 
The additional parameter δ again results in a decrease of the residuals as GDD increases.  
The addition of the power or exponential function as a means of accounting for the 
heteroscedastic residuals can be modeled as  
                                        𝒚𝒊𝒋  =  𝒇𝒊𝒋�𝜱𝑖𝑗,𝒈𝑖𝑗� + 𝜺𝑖𝑗                                                 (Eq. 16) 
   𝜺𝑖𝑗 ~ 𝑁(𝟎,𝜎2𝜦𝒊𝒋).  
This form of the nonlinear regression incorporates the residual weights through the matrix 𝜦𝒊𝒋 for 
each entry i and replication j.   
Multiple statistics were considered to support decisions about appropriate models to use 
for analyses of biomass accumulation.   The log likelihood was calculated from the maximum 
likelihood estimate.  The natural log of the ratio of the likelihoods from two nested models has an 
approximate Χ2 probability distribution.   
              2ln �𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑�𝒇𝟏(𝜱,𝒈)�
𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑�𝒇𝟐(𝜱,𝒈)��~ 𝜒𝑘2−𝑘12                                     (Eq. 17) 
where 𝒇𝟐(𝜱,𝒈) is one version of the model and 𝒇𝟏(𝜱,𝒈) is another version and both are nested 
within 𝒇(𝜱,𝒈).  The degrees of freedom associated with the χ 2 are the number of parameters in 
the two model formulations.  Two information criteria were also used.  Both the Akaike and 
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Bayesian information criteria are calculated using the log likelihood and the number of 
parameters (k).   
𝐴𝐼𝐶 =  −2ln (𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑�𝒇(𝜱,𝒈)� + 2𝑘                                     (Eq. 18) 
                                          𝐵𝐼𝐶 =  −2ln (𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑�𝒇(𝜱,𝒈)� + 𝑘ln(𝑛)                               (Eq. 19) 
The Bayesian information criterion (BIC) is also dependent on the number of observations (n).  
The two information criteria differ in the assumptions made when considering two or more 
models.  Akaike information criterion (AIC) assumes that the true model is not known or among 
the models being considered.  The BIC assumes that the true model is among the models being 
tested.  They also differ in the penalty placed on the number of parameters.  BIC places a heavier 
penalty on a larger number of parameters, and tends to select a model with fewer parameters than 
the AIC.  If the purpose was to find a best-fit model for this set of entries, then the BIC should be 
the selection criterion.  However, if the purpose was to select a model that can best differentiate 
among entries the AIC appears to be the better criterion (Burnham and Anderson, 2002).   
Results 
Five functions were compared and contrasted to determine which was the most 
appropriate to describe kernel growth.  Each of the functions selected for comparison had to meet 
three requirements.  The function has to produce a sigmoid curve, the parameters should have 
biological meaning in the context of kernel biomass accumulation, and the model should easily 
converge over a range of growth patterns.   
The results of the analysis are available in Table 2.  AIC, BIC, and log-likelihood scores 
from 2009 and 2010 for each function are given separately.  The differences in weather patterns 
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between 2009 and 2010 as well as the disparity between hybrids studied required that the years be 
analyzed independent of each other.   
The first result for each function is from the analysis of a model with a fixed genotype 
and replication effects in a generalized non-linear least squares analysis, and the residuals are 
assumed to be normal and independently distributed.  The residuals from the initial analysis 
suggest a significant degree of heteroscedasticity regardless of the function which indicates that 
the errors are not normally, independently distributed (Figs. 1 and 2).  This is common in the 
analysis of growth models were the increase in size is often accompanied by an increase in the 
overall variance (Thornley and France, 2007). Methods of accounting for the severe 
heteroscedasticity of the residuals were considered.  The first is the power method which models 
the residuals as a function of a power of GDD or fitted values (Eq. 12, 13).  The exponential 
method also models the residuals as a function of the GDD or fitted values (Eq. 14, 15).  Neither 
of these methods of accounting for the increase in the size of the residuals over GDD or fitted 
values requires a transformation of the observations.  The log-transform both sides method does 
require the transformation of the original model and the observations.  This transformation 
changes the scale of each of the scores.  The difference in scale results in an inability to compare 
scores between the log-transform method and the other models.  Scores signal that the power or 
exponential method accounts for the heteroscedastic residuals.  However, the exponential method 
appears to increase the difficulty in reaching convergence.  Residual plots for each method are 
given in Figure 3.  The log-transform method does not appear to account for the increase in the 
size of the residuals as well as the other two methods.  Based on the residual plots, the AIC and 
BIC scores, and the convergence capability, it appears that the power method should be used to 
account for the heteroscedastic errors.   
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Autocorrelation between observations on an experimental unit, in this case the field plot, 
are common in the analysis of growth curves (Thornley and France, 2007).  An autocorrelation 
plot was constructed for each model before the variance transformation or assumption was 
included.  In each case, an autocorrelation was not indicated.  An example is given in Figure 4.   
AIC, BIC and log-likelihoods are given for each of these methods when the model 
converged.  Different starting values were used when the estimated values from the per-
entry/replication analysis failed as starting values.  The convergence tolerance for the first stage 
of GNLS analysis was also raised if needed.  In some cases, this resulted in convergence.  
Instances where starting values had to be altered and the convergence tolerance raised weighed 
against the nonlinear model in the final selection. 
Differences (Δi) for the AIC and BIC scores are given in Table 3.  The AIC or BIC 
difference is indicative of the level of support for model i (Burnham and Anderson, 2002).  A 
difference of less than 2 indicates that there is little difference between the given model and the 
one with the best score.  Differences between 3 and 7 indicate some difference between the two 
models, and a difference of greater than 10 suggest that the given model is not as good as the 
model with the highest score.  The 5-parameter Richards model clearly has the lowest AIC score 
in 2009, but the BIC score indicates that the 4-parameter function is indicated.   The Gompertz 
function is clearly indicated in 2010 based on AIC and BIC scores (Table 2).   
While AIC and BIC scores are an important indicator of the overall model fit, they do not 
necessarily indicate whether or not the biological meaning has been preserved.  Both the final and 
initial weight parameters are easily interpreted and can serve as a way to determine if the 
biological meaning of the model parameters has been preserved.  The parameter values were 
averaged and the average values are given in Table 3.  The initial weight is given for the models 
when it is included as a parameter.  The 3-parameter logistic, Gompertz, and Weibull functions 
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set the initial weight to zero and do not allow it to vary.  The initial weight tends to be estimated 
as a negative value with the 4-parameter logistic estimating the weight of the kernel to be -21.115 
and -17.252 in 2009 and 2010.  The final weights also vary between the models.  The 5-Parameter 
Richards function estimates the final weight to be over 600 mg/kernel in 2009 while all other 
models estimate the final weight to be approximately 300 mg/kernel.  Another way to determine 
if the biological meaning is maintained is by viewing a plot of the observations and the various 
sigmoid curves.  Plots are given in Figure 5.  The plot of the observations from 2009 indicates 
that the 5-Parameter Richards function greatly over-estimates the final weight, while the 4-
Parameter Logistic significantly underestimates the initial weight.  
Discussion 
The selection of an empirical function to describe kernel growth has previously been 
largely made by the researchers without providing objective rationale for their choice.  Herein we 
provide a systematic comparison of some of some of the better known nonlinear functions as a 
means of modeling maize kernel growth.  In particular, we explored the importance of including a 
parameter describing the lower asymptote, as well as the common problem areas of growth 
modeling e.g., heteroscedastic errors and autocorrelation.   
Each of the functions considered, with the exception of the Chanter, could theoretically 
be used to describe kernel growth.  All meet the requirements and each adequately describes 
kernel growth. The 3- and 4-parameter logistic models have been commonly used to describe 
kernel growth in multiple species (Melchiori and Caviglia, 2008; Santiveri et al., 2002; Darroch 
and Baker, 1990).  Both converge easily when placed within a statistical model as a regression 
covariate.  In addition both have parameters that can be interpreted within the context of kernel 
growth with the exception of a scalar parameter.  There are, however, limitations to using the 
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logistic function.  Its use forces a symmetric curve, which may not be biologically relevant.  
Symmetry assumes that the acceleration of growth after the lag phase occurs at the same rate as 
the slowing of growth as maturity is approached.  Empirical data for kernel growth in all tested 
hybrids does not appear to be symmetric (Fig. 5).  Forcing symmetry results in overestimates at 
some stages of growth and underestimates of biomass at other stages.  The plots of the residuals 
show this in the curvature that is evident even after the heterscedastic residuals are taken into 
account (Fig. 2 and 3).  As a result, neither of the logistic functions performs well when compared 
to other models.  The AIC and BIC scores both rank the logistic functions as doing the poorest 
job of accurately describing kernel growth in 2009 and 2010. It is reasonable to decide not to use 
a logistic function to model kernel growth. 
The 4- and 5-parameter Richards functions have also been widely used to describe 
growth of trees rather than maize kernel growth (Thornley and Johnson, 1990).  Despite this, the 
parameters largely maintain biological meaning when considered in the context of kernel growth.  
The Richards functions have a considerable amount of flexibility.  They can produce an 
asymmetric curve, which is more appropriate in the case of kernel growth.  The increased 
flexibility comes at the cost of two parameters that do not have biological meaning; a scale 
parameter and a shape parameter.  The addition of parameters and the resulting increase in 
complexity come at the cost of greater difficulty in convergence at easily calculated starting 
values.  The 4-parameter Richards function failed to converge with data from 2009, unless a log 
transformation or a power method using the fitted values was included in the model (Table 2), 
and was one of the lower-ranking models in 2010.  The scale parameter and curve parameter do 
not provide biological information. Thus, a decision to discard the 4-parameter Richards function 
to model kernel growth is reasonable.  The 5-parameter Richards function had the lowest AIC 
score in 2009, but failed to converge when the errors were not transformed without alteration of 
the starting values and raising the convergence tolerance (Table 2).  It provided a reasonable 
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estimate of the kernel weight during the lag phase in 2009, but not in 2010.  All other functions 
that estimated an initial weight gave a negative weight at the stage of silking.  The final weight is 
extrapolated as more than 0.6g/kernel in 2009, significantly more than the approximate final 
weight of 0.3g/kernel extrapolated by the other functions (Table 4).  It is also considerably higher 
than any of the weights observed in either 2009 or 2010.  This led to the decision that despite the 
low scores, the 5-parameter Richards function should not be used to model kernel growth.  
However the increased flexibility and ability to more accurately estimate an initial weight should 
not preclude it from future consideration. 
The Weibull and Gompertz functions both performed well in this study.  After the 
Richards function was removed in 2009 they were ranked first and second in 2009 and 2010 
based on AIC and BIC scores (Table 2 and 3).  Both functions converge easily over a range of 
hybrids and provide reasonable estimates of the final weight.  The Weibull function contains four 
parameters, two of which do not have biological meaning.  The initial weight is estimated as a 
negative value suggesting that the initial weight may need to be fixed at zero to prevent an 
underestimation.  If variable initial and final weights are of considerable interest, the Weibull 
model provides a more accurate description of kernel growth than the 4-parameter logistic and 5-
parameter Richards. 
The Weibull, 5-parameter Richards, and 4-parameter logistic all share an initial weight 
parameter.  From a biological perspective, the initial weight should be greater than zero.  The 
kernel tissue starts to form well before silk emergence, so some dry weight has accumulated by 
the time the emerged silks have been observed.  The functions that estimate a reasonable final 
weight all estimate a negative initial weight.  Additionally the initial weight estimates do not vary 
between the tested hybrids.   All of this would suggest that setting the lower asymptote to zero or 
a positive constant would be appropriate. 
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The Gompertz function sets the initial weight to zero and all three of the parameters 
selected have biological meaning.  There are multiple parameterizations of the Gompertz model, 
as there are for many of these functions, allowing for the alteration of which biological functions 
are modeled.  The parameterization selected describes the GDD to maximum growth (M), the 
relative rate of growth (r), and the final weight (Wf).  That all of the parameters have biological 
meaning in the modeling of kernel growth is important.  Either the Weibull or Gompertz models 
could be used to model kernel growth. 
There are two common problems when modeling growth patterns: autocorrelation and 
heteroscedasticity of the residuals (Thornley and France, 2007).  An autocorrelation was not 
found in this study for any of the functions (Fig. 4). This is largely due to the design of the 
experiment in question.  A different individual was sampled for each observation.  Plots are 
commonly treated as individuals in the analysis of maize experiments.  This is not appropriate in 
this experiment due to the dependence on silking stage which differed within a plot.  
On the other hand, the residuals were found to be highly heteroscedastic.  Of the three 
techniques considered, the power method using either the fitted values or GDD was the most 
successful based on the AIC and BIC scores (Tables 2 and 3), and the residual plots (Fig. 3).  The 
log-transform both sides method has been more commonly used (Hunt, 1982) but does not 
account for the increase in size of the residuals over GDD as well as the power or exponential 
method.  Either method accounts for the heteroscedasticity and make sense within the context of a 
growth model (Pinheiro and Bates, 2000).  The power method with GDD was selected in this case 
based on the higher information criteria scores; however the variance function chosen should be 
evaluated for each data set and new experiment. 
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Conclusions 
The importance of comparing and contrasting nonlinear functions when modeling maize 
kernel growth has been shown.  The logistic model has been commonly used in the past, but it has 
been shown that there are other nonlinear functions that out-perform the logistic function.  Either 
the Weibull or the Gompertz functions provide adequate descriptions of kernel growth and could 
be used in future models.  However the Gompertz model is preferred to the Weibull due to the 
easily interpreted parameters.   
The increase in residuals over GDD must be considered.  This can be done using the 
assumption that the residuals can be modeled using the power function.  An autocorrelation may 
or may not be present in future studies and largely depends on the experimental design.   In this 
case, an autocorrelation is not present because observations were not repeated on the same 
individual 
Future studies should also consider setting the lower asymptote to a positive constant.  
This would avoid the introduction of error through the estimation of a negative lower asymptote.  
The final weights estimated using the nonlinear functions are not reached until infinity.  This is a 
limitation of using the nonlinear models described herein with the exception of the logistic.  Since 
this is obviously not possible, the true final weight may need to be estimated from the function.   
The nonlinear model described here provides a starting point to describe a growth 
process.  While not directly modeling a component of the physiological process such as the rate 
of a reaction, it can describe a larger growth process.  In this case the selection of a function to 
describe biomass accumulation in kernel growth was carried out for the further purpose of 
applying it to a genetic mapping population.  The nonlinear function selected, the Gompertz, will 
be used within a genetic mapping model to determine the underlying genomic regions associated 
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with kernel growth.    Modeling the process of biomass accumulation in the kernel rather than 
focusing on individual observations of growth will provide additional information about kernel 
growth.  This additional information will provide a solid background on which to build a genetic 
model capable of dissecting a complex biological system. 
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Table 1: The twelve hybrids and the years they were planted 
 
 
 
Hybrid 2009 2010 
A x x 
B x x 
C x x 
D x   
E x   
F   x 
G   x 
H   x 
I   x 
J   x 
K   x 
L   x 
 
 
 
 
 
51 
 
Table 2: AIC, BIC, and log-likelihood (LL) values for each function and residual transformation 
or assumptions.  Δi were calculated as the difference between the score of model i, i.e. the model 
listed in the left-most column, and model j, the model with the lowest AIC or BIC score. 
*Starting values were adjusted from those estimated using the least squares approach to achieve 
convergence. † Convergence tolerance increased for nonlinear least squares step in 2nd stage of 
analysis. a,b,c Indicates lowest, 2nd lowest, and 3rd lowest AIC or BIC score in 2009 or 2010 
respectively. Failed to converge (FTC) 
2009 
Function Name AIC AIC Δi BIC BIC Δi LL 
3-Parameter 
Logistic 
     - Assume IID* 3642 411 3743 358 -1796 
- Power: GDD 3529 298 3634 249 -1739 
- Power: Fitted 3539 308 3644 259 -1744 
- Exponential: GDD 3516 285 3621 236 -1732 
- Exponential: Fitted 3515 284 3619 235 -1731 
- Log Transform -452 - -351 - 251 
4-Parameter 
Logistic 
     - Assume IID 3594 363 3727 342 -1764 
- Power: GDD 3378 147 3515 130 -1655 
- Power: Fitted 3390 158 3527 142 -1661 
- Exponential: GDD* 3386 155 3523 139 -1659 
- Exponential: Fitted 3385 154 3522 138 -1659 
- Log Transform -597 - -464 - 331 
Gompertz 
     - Assume IID† 3576 345 3676 292 -1763 
- Power: GDD* 3317 86 3422 38 -1633 
- Power: Fitted 3289 58 3393b 9 -1619 
- Exponential: GDD 3316 85 3421 36 -1632 
- Exponential: Fitted 3320 89 3424 40 -1634 
- Log Transform -706 - -605 - 378 
Weibull 
     - Assume IID† 3573 342 3706 321 -1753 
- Power: GDD 3346 115 3483 99 -1639 
- Power: Fitted 3344 113 3482 97 -1638 
- Exponential: GDD 3361 130 3498 114 -1647 
- Exponential: Fitted 3360 129 3497 113 -1646 
- Log Transform* -671 - -538 - 368 
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Function Name AIC AIC Δi BIC BIC Δi LL 
4-Parameter 
Richards 
     - Assume IID FTC - - - - 
- Power: GDD* 3263 32 3400c 16 -1598 
- Power: Fitted 3247b 16 3384a 0 -1590 
- Exponential: GDD FTC - - - - 
- Exponential: Fitted† 3295 64 3432 47 -1631 
- Log Transform -792 - -659 - 429 
5-Parameter 
Richards 
     - Assume IID†* 3585 354 3750 366 -1751 
- Power: GDD* 3258c 27 3428 43 -1587 
- Power: Fitted* 3231a 0 3400 16 -1574 
- Exponential: GDD FTC - - - - 
- Exponential: Fitted† 3305 74 3475 90 -1611 
- Log Transform* -832 - -667 - 457 
 
2010 
Function Name AIC AIC Δi BIC BIC Δi LL 
3-Parameter 
Logistic 
     - Assume IID 5312 403 5474 399 -2619 
- Power: GDD 5118 210 5285 210 -2521 
- Power: Fitted 5142 234 5309 234 -2533 
- Exponential: GDD 5110 202 5277 202 -2517 
- Exponential: Fitted 5122 213 5288 213 -2523 
- Log Transform -432 - -269 - 253 
4-Parameter 
Logistic 
     - Assume IID* 5313 405 5528 453 -2608 
- Power: GDD 4945 37 5164 89 -2423 
- Power: Fitted 4973 65 5193 118 -2437 
Exponential: GDD* 4977 69 5196 121 -2439 
Table 2 cont. 
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Function Name AIC AIC Δi BIC BIC Δi LL 
4-Parameter 
Logistic (cont.) 
     - Exponential: Fitted 4983 75 5203 128 -2442 
- Log Transform* -733 - -518 - 415 
Gompertz 
     - Assume IID† 5304 396 5467 392 -2615 
- Power: GDD 4908a 0 5075a 0 -2416 
- Power: Fitted 4942 34 5109b 34 -2433 
- Exponential: GDD 4955 46 5121c 46 -2439 
- Exponential: Fitted 4960 51 5126 51 -2442 
- Log Transform -764 - -602 - 419 
      Weibull 
     - Assume IID†* 5288 379 5503 428 -2595 
- Power: GDD 4912b 4 5132 57 -2406 
- Power: Fitted 4935c 27 5155 80 -2418 
- Exponential: GDD* 4964 56 5184 108 -2432 
- Exponential: Fitted 4964 56 5184 108 -2432 
- Log Transform* -773 - -558 - 436 
      4-Parameter 
Richards 
     - Assume IID FTC - - - - 
- Power: GDD* 4952 44 5171 96 -2426 
- Power: Fitted* 4959 51 5179 103 -2430 
- Exponential: GDD* 4986 78 5206 131 -2443 
- Exponential: Fitted* 4997 89 5217 141 -2449 
- Log Transform* -807 - -592 - 452 
      5-Parameter 
Richards 
     - Assume IID†* 5289 380 5557 481 -2584 
- Power: GDD* 4940 32 5212 137 -2408 
- Power: Fitted* 4949 41 5221 146 -2413 
- Exponential: GDD* 4973 64 5245 169 -2424 
- Exponential: Fitted* 4980 72 5252 177 -2428 
- Log Transform* -817 - -550 - 470 
Table 2 cont. 
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Table 3: Lower asymptote estimates.  Average across all entries for 2009 or 2010 used 
power and fitted values *Calculated as W0 = (Wf - Drop) 
  2009 2010 
Model Name Average W0 (mg k-1) Average W0 (mg k-1) 
3-Parameter Logistic -- -- 
4-Parameter Logistic -21.27 -17.25 
Gompertz -- -- 
Weibull * -2.11 -2.66 
4-Parameter Richards -- -- 
5-Parameter Richards 4.27 -7.25 
 
Table 4: Upper asymptote estimates. Average across all entries for 2009 or 2010 used power 
and fitted values. 
  2009 2010 
Model Name Average Wf (mg k-1) Average Wf (mg k-1) 
3-Parameter Logistic 313.80 276.13 
4-Parameter Logistic 335.73 281.63 
Gompertz 368.86 295.80 
Weibull  329.39 278.91 
4-Parameter Richards 520.80 320.91 
5-Parameter Richards 657.53 297.51 
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B 
Figure 1: Standardized residual plots (2010) – A) Logistic, 3-parameter; B) Logistic, 4-parameter; C) Gompertz; D) Weibull; E) 
Richards, 5-parameter.  4-parameter Richards failed to converge when residuals were modeled as normal and independently distributed 
A C 
D E 
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Figure 2: Standardized residual plots against GDD (2010) – A) Logistic, 3-parameter; B) Logistic, 4-parameter; C) Gompertz; D) 
Weibull, E) 5-parameter Richards.  4-parameter Richards model failed to converge when residuals were modeled as normal and 
independently distributed 
A B C 
D 
Growing Degree Days (GDD) 
E 
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Log transformed Power – fitted Power – GDD Exponential – fitted Exponential - GDD 
Logistic 
3-
parameter 
     
Logistic 
4-
parameter 
     
Gompertz 
 
     
Figure 3: Standardized residual plots (2010) after log transformation, power function with fitted values as a covariate, power function 
with GDD as a covariate, exponential function with fitted values as a covariate, exponential function with GDD as a covariate.  Sorted 
by nonlinear function 
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 Log Transformed Power – fitted Power – GDD Exponential – 
fitted 
Exponential - 
GDD 
Weibull 
     
Richards 
4-
parameter 
     
Richards 
5-
parameter 
      
Figure 3 cont. 
 
 
59 
 
 
Figure 4: Autocorrelation plot. Dashed line indicates a confidence limit of 0.01 that an autocorrelation is present 
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Figure 5A: 2009 Observations and predictions by function 
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 Figure 5B: 2010 Observations and predictions by function 
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Chapter 3: Modeling moisture content in maize kernels as a latent 
variable for biochemical reaction rate 
 
A paper to be submitted to PNAS 
 
K.A. Meade, M. Cooper, W.D. Beavis 
 
Abstract 
Moisture content in maize kernels increases during grain fill until a maximum amount 
when the kernels approach physiological maturity.  To date there has been little work on 
modeling the process of moisture content during kernel development.  Herein, we propose to use 
the first derivative of a function used to model biomass accumulation in maize kernels.  The first 
derivative is more commonly referred to as the rate of change function.  Observations from two 
widely differing environments and a sample of hybrids were used to test the proposed model.  By 
modeling moisture content as a derivative of biomass accumulation, moisture content can be 
interpreted as a latent variable for biochemical reaction rates.   
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Introduction 
The complex nature of moisture content in maize kernels during their development limits 
the use of most nonlinear growth functions to model moisture content over development 
(Thornley and France, 2007).  The difficulty in developing such a model is increased when 
considering biomass accumulation through the same developmental stages.  A function that 
models moisture content in a manner that coincides with biomass accumulation would provide 
information about interactions between biomass accumulation and moisture content.  Herein we 
propose the use of the first derivative of biomass accumulation to model moisture content in 
maize kernels.  Using the first derivative, or rate of change of biomass accumulation, to model 
moisture content not only provides a continuous function that interprets moisture content in the 
same context as biomass accumulation, but also suggests that moisture content can be used as a 
latent variable for biochemical reaction rate during kernel development.   
Maize kernel growth has been extensively studied and described through all stages of 
development.  The stages of kernel growth include the lag phase, when embryonic and endosperm 
cell are dividing, a period of nearly linear growth, and finally a slowing of growth until 
physiological maturity is reached (Kisselbach, 1949; Ritchie et al., 2008; Meade et al., 2012).  
Biomass is accumulating in the kernel throughout these stages of growth in a sigmoid fashion.  
Biomass accumulates slowly during the lag phase, then quickly accelerates through the linear 
growth phase, then finally slows and comes to a stop at physiological maturity (Meade et al., 
2012). 
While biomass is accumulating, moisture content initially increases but eventually 
decreases.  During the lag phase of kernel growth moisture begins to accumulate in a near-linear 
fashion.  The near linear accumulation of moisture continues until biomass accumulation begins 
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to slow, when it approaches a maximum.  This occurs near the stage of physiological maturity of 
the kernel.  After maximum moisture content is reached, the moisture in the kernel begins to 
decline again in a near linear fashion (Gambín et al., 2008).  Biomass and moisture accumulation 
occurs in the same organ, the kernel, and biomass accumulation will cease in the absence of 
moisture (Saini and Westgate, 1999). The two processes are related and dependent upon each 
other. 
The kernel growth process has also been viewed from the perspective of biochemical 
reactions within the embryo (Murray, 1988) and the endosperm (Lopes and Larkins, 1993), and 
from the perspective of genetic regulation at each stage (Wang et al., 2009).  Mathematical 
modeling is one approach to integrate these perspectives of kernel growth.  Modeling growth 
processes can provide descriptions and predictions that would be difficult to observe in a field or 
greenhouse setting (Thornley and France, 2007).  Growth measurements are time and resource 
consuming; development of a model to describe growth of a plant can save on both.  Once a 
model is validated it is relatively easy to predict outcomes due to changes in environment or 
genotype (Thornley and France, 2007).   
Moisture content in grain has been modeled using a simple application of three linear 
models that breaks moisture accumulation into sections with an emphasis on when the second and 
third sections intersect.   This model has been used in wheat (Pepler et al., 2006; and Lizana et al., 
2010; Hasan et al., 2011), sorghum (Yang et al., 2010), and maize (Gambín et al., 2007).  Other 
studies in maize and sorghum have modeled percent of maximum moisture content as a 
polynomial function (Borrás and Westgate, 2006 and Gambín et al., 2008) as has maize kernel 
water content (Sala et al., 2007; Melchiori and Caviglia, 2008; Borrás et al., 2009).  Pepler et al. 
(2006) attempted to integrate biomass and moisture accumulation models.  Linear and polynomial 
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models are easy to implement but provide parameters that are difficult to interpret, especially in 
the context of moisture content.   
Moisture content in a kernel is likely due to complex processes and is better represented 
as a nonlinear function with biologically meaningful parameters.  There are functions that 
produce an s-shaped curve followed by a nearly linear decline (Yin et al., 2003), but they do not 
provide a way to directly connect the processes of biomass and moisture accumulation.  The 
study described herein outlines the use of the first derivative of the function used to model 
biomass accumulation as a model for moisture content with parameters that are interpretable in 
the context of biomass accumulation (Meade et al., 2012).  Use of the first derivative provides an 
opportunity to connect two processes that are occurring in the same system, and introduces the 
use of the first derivative as a stand-alone nonlinear function in the context of kernel growth.   
Materials and methods 
Field and entry description 
The experiment was conducted over two years, 2009 and 2010 in Dallas Center, Iowa.  
For purposes of formulating a robust model to describe the variability in kernel moisture 
accumulation, developing ears were harvested throughout the grain filling period in plots 
consisting of five  hybrids in 2009 and ten hybrids in 2010.  Each plot was 5.4m with a row width 
of 76.2cm.  Planting rate was 32 seeds per plot.  The plots were replicated five times in 2009, 
where the first four replications were sampled, with the fifth replication being used when one of 
the first four replications had fewer than 21 plants.  In 2010 each two-row plot was replicated 
three times, and plants from all three replications were harvested.  The experimental design was a 
replicated complete block design in both years.  The planting rate was 64 seeds per plot.  Row 
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length and spacing in 2010 was the same as in 2009. All hybrids tested were 111 comparative 
relative maturity (CRM) hybrids provided by DuPont Pioneer (Table 1). 
Calculation of growing degree days 
Growing degree days (GDD) are measured in thermal units.  This method of 
measurement was developed to improve accuracy in estimation of physiological maturity in 
maize hybrids 40 years ago and continues to be the standard (Cross and Zuber, 1972; Sprague and 
Dudley, 1988).  Weather information throughout the growing season was collected at Dallas 
Center, Iowa.  Maximum (Max) and minimum (Min) temperatures in degrees Fahrenheit were 
used in the calculation of growing degree days for each day as: 
𝐺𝐷𝐷 =  (𝑀𝑎𝑥+𝑀𝑖𝑛)
2
− 50                                        (Eq.1)              
(Cross and Zuber, 1972). A late planting date and early frost resulted in a shortened growing 
season for 2009.  In addition, temperatures were below average for Iowa in 2009.  The 
environment was significantly different for the 2010 growing season.  Rainfall was above 
average, while temperatures were near average and resulted in a full growing season for 111 
CRM hybrids.  Historic average temperatures and rainfall are available at Mesonet 
(http://mesonet.agron.iastate.edu).   
Kernel fresh weight, dry weight, and moisture weight evaluation over the growing season 
Biomass accumulation and moisture accumulation and loss were determined from kernel 
fresh weights and dry weights collected throughout the growing season starting shortly after the 
appearance of silk.  Shortly before flowering, plants within a plot were individually labeled.  Silk 
notes were taken on a per plant basis, and sampling was started approximately four days after 
50% of the plants in a plot had silked.  The date on which the top ear of a plant had visible silks 
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was noted.  The accumulated GDD from silk to harvest of an ear were calculated starting on the 
day the silks emerged from the ear through the day that ear was harvested.   
An ear was harvested from a plot once every three days.  The plant label was taken with 
the ear to identify the ear and when it was harvested.  The GDD that had accumulated between 
silk and harvest were calculated.  Ears from plants that were root lodged or did not have 
neighboring plants within the row were noted and discarded because kernel biomass 
accumulation would have been biased (Duvick and Cassman, 1999).  Approximately eighty and 
sixty samples were taken for each entry in 2009 and 2010 respectively. 
After harvesting the ear, fifteen kernels were excised and placed in a pre-weighed vial  
Kernel excision took place in a humid chamber to maintain the kernel moisture content.  Samples 
were placed in a glass scintillation vial and capped before removal from the humid chamber.  
Kernels were sampled from rows ten to fifteen above the base of the ear; the glumes and pedicel 
were removed.  Within one hour of excision, the sample was weighed to determine the sample 
fresh weight.  The samples were then dried in a 70ᵒC oven for 96 hours, after which dried kernels 
were weighed to determine the dry weight of the sample.  The kernel moisture weight was 
determined by subtracting the fresh weight from the dry weight and dividing by 15 kernels per 
sample (Borrás et al., 2002). 
Evaluation of moisture accumulation model 
Kernel biomass accumulation can be modeled using a Gompertz function (Meade et al., 
2012). 
𝑊 =  𝑊𝑓𝑒−𝑒−𝑘(𝑔−𝑀)                                               (Eq.2) 
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Where 𝑊𝑓 is the upper asymptote, k is the relative growth rate, M is the GDD at which growth is 
maximized  (Winsor, 1932; Yin et al., 2003) and g is used to represent GDD.  The first derivative 
of (Eq. 1) with respect to GDD can be described as an asymmetric convex curve which is 
followed by an eventual leveling out when growth ceases (Winsor, 1932).   
𝜕𝑊
𝜕𝑔
= 𝑊𝑓𝑘𝑒−𝑘(𝑔−𝑀)𝑒−𝑒−𝑘(𝑔−𝑀)                              (Eq.3) 
We refer to this as a rate of change function which has a shape that is similar to the moisture 
accumulation curve.  Thus, we hypothesize that moisture accumulation and loss could be 
modeled using the rate of change function. 
The rate of change function can then be designated as WM. 
𝑊𝑀 = 𝑊𝑓𝑘𝑒−𝑘(𝑔−𝑀)𝑒−𝑒−𝑘(𝑔−𝑀)                             (Eq.4) 
When the rate of change function is applied to model the moisture weight at GDD g, final weight 
(Wf) and k act as scaling parameters in this context, and 𝑊𝑀 is the moisture weight at GDD g.  
The parameter maximum growth (M) is the GDD at which maximum moisture weight is reached.  
A scaling constant of 1e-3 was multiplied by (g-M) in the above equation to scale the GDD 
measurement with the weight measurement.   
𝑊𝑀 = 𝑊𝑓𝑘𝑒−𝑘(0.001∗𝑔−0.001∗𝑀)𝑒−𝑒−𝑘(0.001∗𝑔−0.001∗𝑀)           (Eq.5) 
Setting GDD, g, to be equal to M will solve for the maximum moisture content (WMMax), which 
can also be expressed as: 
𝑊𝑀𝑀𝑎𝑥 = 𝑊𝑓𝑘𝑒−1                                                  (Eq.6) 
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The rate of change equation was initially evaluated on a per-entry basis to obtain estimates of 
appropriate starting values.  The initial analysis took the form of: 
          𝑦𝑖𝑗𝑘 = 𝑓(𝛷𝑖𝑗𝑘;  𝑔𝑖𝑗𝑘) + 𝑒𝑖𝑗𝑘                                       (Eq.7) 
Where yijk is the kernel dry weight of a given entry i in replication j at observation k; f is the 
nonlinear function of GDD g measured in GDD with parameters 𝛷𝑖𝑗𝑘; and eijk is the residual error 
that is assumed to be distributed as 𝑁(0,𝜎2).   Each nonlinear model was initially evaluated for 
each entry and replication using nlsList in R (Pinheiro and Bates, 2000).  Starting values were 
determined from biomass accumulation parameter estimates (Meade et al., 2012).  Estimates of 
the parameters were calculated for each entry and averaged to determine a starting value for each 
parameter for the next stage of analysis (Pinheiro and Bates, 2000). 
A second stage of combined analysis for all entries and GDD simultaneously, used 
maximum likelihood estimation with the GNLS package in R (Pinhero and Bates, 2000).  The 
combined analysis treated the entries as fixed effects and can be expressed in matrix form as: 
 𝒚𝒊𝒋  =  𝒇𝒊𝒋�𝛷𝑖𝑗,𝒈𝑖� + 𝜺𝑖𝑗   
  𝜺𝑖𝑗 ~ 𝑖𝑖𝑑,𝑁(𝟎,𝜎2𝑰) 
𝒚𝒊 =  � 𝑦𝑖𝑗1𝑦𝑖𝑗2⋮
𝑦𝑖𝑗𝑛𝑖
�,  𝜱𝒊𝒋 =  
⎣
⎢
⎢
⎡
𝛷𝑖𝑗1
𝛷𝑖𝑗2
⋮
𝛷𝑖𝑗𝑛𝑖⎦
⎥
⎥
⎤ = 𝑨𝒊𝒋𝜷,  𝜺𝒊𝒋 =  � 𝜺𝑖𝑗1𝜺𝑖𝑗2⋮
𝜺𝑖𝑗𝑛𝑖
�,   𝒇𝒊𝒋�𝛷𝑖𝑗,𝒈𝑖𝑗� =  
⎣
⎢
⎢
⎢
⎡  𝑓�𝛷𝑖𝑗1,𝑔𝑖𝑗� 𝑓�𝛷𝑖𝑗2,𝑔𝑖𝑗�
⋮ 𝑓�𝛷𝑖𝑗𝑛𝑖 ,𝑔𝑖𝑗𝑛𝑖�⎦⎥⎥
⎥
⎤
     (Eq.8) 
𝒈𝒊𝒋 =  � 𝒈𝑖𝑗1𝒈𝑖𝑗2⋮
𝒈𝑖𝑗𝑛𝑖
�,  𝑨𝒊𝒋 =  
⎣
⎢
⎢
⎡
𝑨𝑖𝑗1
𝑨𝑖𝑗2
⋮
𝑨𝑖𝑗𝑛𝑖⎦
⎥
⎥
⎤
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where 𝒚𝒊𝒋 is the vector of observations for each entry i and replication j, 𝑨𝒊𝒋 is an incidence 
matrix for each entry and replication, and 𝜷 is a vector of fixed effects with mean parameter 
values and a fixed effects for each entry  and replication (Pinheiro and Bates, 2000; Davidian and 
Giltinan, 2003).  The convergence tolerance was raised from 1e-3 to 1e-2 in the NLS step of the 
GNLS analysis. 
Analysis of residuals determined that the residuals were not autocorrelated or 
heteroscedastic (Figure 1, Figure 2).  
Correlations among the estimated parameters were calculated based on the five hybrids 
replicated between years.  Only the between hybrid variance is considered.  Any variance 
associated with the parameter estimate is not accounted for.  The correlations were calculated as: 
𝑟𝑝 =  𝐶𝑜𝑣(𝑝𝚤,𝑝𝚥)�
�𝑉𝑎𝑟(𝑝𝚤)� 𝑉𝑎𝑟(𝑝𝚥)�                                               (Eq.9) 
Where rp is the correlation for parameter p = Wf, k, M, or  𝑊𝑀𝑀𝑎𝑥 in year i = 2009 or j = 2010.   
Additional correlations between the estimated moisture parameters and the biomass 
parameters (Meade et al., 2012) were calculated as descriptive statistics.  Only the variance 
between entry parameter estimates is considered here; the variance associated with the parameter 
estimation is not considered.  Therefore this should only be considered as a descriptive statistic.  
Pearson correlation coefficients were calculated as 
𝑟𝑝𝑖 =  𝐶𝑜𝑣(𝑝𝑚𝚤,𝑝𝑏𝚤)�
�𝑉𝑎𝑟(𝑝𝑚𝚤)� 𝑉𝑎𝑟(𝑝𝑏𝚤)�                                         (Eq.10) 
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Where rpi is the correlation for parameter p = Wf, k, or M in year i = 2009 or 2010, m = parameter 
value estimated for the moisture model, and b = parameter value estimated for the biomass 
model.   
Results 
Plots of the predicted curves and observations are available in Figure 3.  Cool 
temperatures and an early frost resulted in an abbreviated growing season in 2009.  Kernels 
sampled did not reach maturity as evidenced by the lack of a visible abscission layer before the 
first frost in 2009.  Due to the differences between the environment in 2009 and 2010 distinct WM 
models were fit to data from each of the years.  The differences in environment affected the 
parameter values for the hybrids replicated between the two years (Table 2), but not the shape of 
the estimated curves (Figure 4).    The maximum moisture weight (WMMax) and GDD to WMMax 
(M) vary between years for a given hybrid, but the same growth pattern is viewed in both years.  
A similar result was seen for biomass accumulation in Meade et al. (2012).   
There were large differences in the WMMax and M between the various hybrids.  The 
hybrids with the greatest differences in moisture accumulation curve parameters also had large 
differences in the parameter values for the biomass accumulation curves (Table 3).  Figure 5 
shows the predicted biomass and moisture accumulation curves for each hybrid in 2010.  As 
would be expected, those hybrids with a higher final kernel biomass also have a higher maximum 
moisture weight.  The same holds true for GDD to maximum growth of biomass and GDD to 
maximum moisture weight: when one is higher the other also tends to be higher.   This was 
further studied through descriptive Pearson correlation coefficients between parameter values for 
the three hybrids replicated in 2009 and 2010 (Table 4).   
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Pearson correlation coefficients (Table 5) were calculated for each set of parameters from 
the biomass and moisture models.  As expected the majority of the coefficient pairs showed a 
positive correlation.  The exception was the final weight parameters in 2009.   
Discussion 
The use of the first derivative of the biomass accumulation curve to describe moisture 
accumulation provides a functional relationship between moisture and biomass accumulation in 
the kernel.  To the best of our knowledge, this has not been published.  Previous models have 
treated biomass and moisture accumulation using models that were composed of linear steps 
(Gambín et al., 2007). Being able to model the two systems using related nonlinear functions 
provides an opportunity to integrate the processes that are biologically interdependent in the same 
system.   
The use of the first derivative of the Gompertz function results in the two models sharing 
interpretation of parameter estimates.  The parameter that measures the GDD to a maximum 
growth rate in biomass is the same parameter that estimates the GDD to maximum moisture 
content.  The estimated value for this parameter differs between the two curves for a hybrid, but 
the parameter can be used in the construction of either a sigmoidal curve such as biomass 
accumulation or a growth rate curve such as moisture content.  The estimated parameter values 
for the moisture and biomass accumulation curves can be compared between and within hybrids 
to improve the understanding of this relationship. 
The environment in 2009 differed significantly from that in 2010.  The abbreviated 
growing season in 2009 was very unusual (http://mesonet.agron.iastate.edu) and the rate of 
change model did not fit the observations in 2009 as well as it did those from 2010.  The lack of 
fit in 2009 is the most probable reason for the lack of convergence at the lower tolerance level.   
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The failure of the 2009 model to converge at a lower tolerance level could be due to one or more 
reasons.  The residual plot suggests that the model is a poor fit at the beginning of the growth 
cycle.  Reasons for this will be discussed in more depth in the next section.  In addition, this is a 
complex function.  With increasing complexity often comes an increase in the difficulty of 
convergence (Davidian and Giltinan, 1995). 
The correlations between parameters in 2009 and 2010 suggest that the parameter 
estimates are subject to environmental effects.  There was little or no correlation between 
parameter estimates with the possible exception of final weight which showed a moderate 
correlation.  Comparisons between biomass and moisture models suggest that there is, with one 
exception, a positive correlation between parameter estimates from the biomass and moisture 
models.  The exception is the correlation between the final weight estimates in 2009 which 
showed a negative correlation.  The negative correlation is especially interesting given that there 
is a mathematical dependency between the biomass and moisture measurements.  This negative 
correlation could be influenced by poorly extrapolated final weight parameters in the biomass 
models.  Another possibility is that the 2009 environment had an unusual impact on genetic 
regulation of moisture and biomass.   
GDD were used to represent time accumulation on a biological basis for both years.  
However the GDD did not accumulate as quickly in 2009 as in 2010 due to the lower 
temperatures in 2009.  GDD take the temperature into account when measuring development, but 
ignore other aspects of the environment.  An example of such a factor is photoperiod and light 
interception.  It is well documented that the photoperiod affects growth and development (Hay 
and Porter, 2006), and GDD does not integrate that information; it is possible for growth to 
continue in the absence of the accumulation of GDD.  It is possible that another model is the best 
model for describing moisture content.  However using the rate of change function to describe 
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moisture content provides several benefits and leads to many hypotheses of interest that use of 
other functions may not provide. 
The first derivative of a growth function has been previously used to describe the rate of 
growth (Thornley and France, 2007).  Using the first derivative to describe the pattern of moisture 
accumulation would seem to suggest that the moisture is related to the rate of growth.  This is not 
to say that the moisture is controlling the rate of growth.  It would seem more likely that by acting 
as a substrate for growth, the moisture content needed for the necessary biochemical reactions to 
occur follows a similar pattern as the rate of biomass accumulation.  In other words, moisture 
accumulation can be used as a latent variable for the biochemical reaction rate in the kernel.  
Previous studies have suggested that the maximum moisture content is correlated with the 
maximum final kernel weight.  This relationship led to the hypothesis that maximum kernel 
weight was somehow influenced by the maximum moisture weight (Gambín et al., 2007).  The 
results of the study herein instead suggest that moisture is indicative of the rate of biochemical 
reactions occurring, but not necessarily a driving force in final biomass content. 
Measuring biomass accumulation serves as an indirect method of viewing the 
accumulation of biochemical reactions.  However it does not allow for all of the reactions and 
processes that occur in the kernel.  For example, there are many processes required to prepare the 
kernel to enter a quiescent state which do not result in the accumulation of biomass (Scanlon and 
Takacs, 2009).  The same is true of moisture content, in that there are reactions that can occur in 
the absence of moisture once dessication tolerance is acquired (Durantini et al., 2008).  As more 
reactions occur to accumulate biomass and prepare the kernel for a dormant state, more moisture 
would be needed to act as the substrate for those reactions.  As the reactions begin to slow, 
moisture moves out of the system as the kernel desiccates.   
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The biomass and moisture curves can act as substitutes, or latent variables, in the place of 
the number of biochemical reactions and the rate of those reactions, but cannot completely 
replace that information.  This would explain the lack of a perfect relationship and sharing of 
parameter values between the biomass and moisture curves for a hybrid.  This is particularly true 
for GDD to maximum growth or moisture in the two curves.  GDD to maximum moisture is 
consistently later than GDD to maximum biomass accumulation (Table 3).  Under the hypothesis 
that the moisture content model is a better estimate of biochemical reaction rates that the biomass 
is of the number of reactions, later GDD to maximum moisture would suggest that the 
biochemical reactions continue to occur after biomass accumulation has stopped.  This is 
consistent with studies of the kernel preparations for entering a quiescent state (Scanlon and 
Takacs, 2009).   
DNA and RNA concentrations in the endosperm have been shown to follow the same 
pattern as moisture content (Young and Gallie, 2000).  Some enzymatic activities have been 
shown to follow this pattern in maize kernels (Doehlert et al., 1987), and in other species (Bewley 
and Black, 1994; Dai, 2004).  From this observation it would appear plausible that a wide range 
of enzymatic activity curves could be combined to form a larger curve that measures overall 
enzymatic activity and follows the pattern of the rate of growth. This would be similar to multiple 
distributions combining to form a large overall normal (Snedecor and Cochran, 1989).  
Conclusions and future work 
Moisture content in a kernel follows the pattern of the rate of biomass accumulation and can be 
modeled with the rate of growth function derived from a sigmoidal growth curve.  Using this 
model provides an opportunity to integrate the biomass accumulation and moisture content 
processes within growing kernels.  These processes may act as substitutes for numbers and rates 
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of biochemical reactions.  Importantly, parameter estimates differed significantly among hybrids 
and years.  Thus, while the canonical models are consistent, specific differences point to 
underlying genetic regulation and adaptation.  The observations taken and described herein were 
taken as part of a larger study that included a mapping population which will be used to 
genetically map for specific attributes of growth processes.   
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Table 1: The twelve hybrids and the years they were planted 
 
Hybrid 2009 2010 
A x x 
B x x 
C x x 
D x  
E x  
F  x 
G  x 
H  x 
I  x 
J  x 
K  x 
L  x 
 
 
Table 2: Moisture model parameter estimates in 2009 and 2010.  Differences were calculated as 
the absolute value of 2009-2010 
Hybrid Parameter 2009 2010 Difference 
A Wf 273.9 321.3 47.4 
 K 2.29 2.02 0.27 
 M 713.6 833.6 120.1 
 WMMax 230.1 239.0 8.9 
     B Wf 270.0 283.0 13.0 
 K 2.21 1.89 0.32 
 M 732.3 843.1 110.8 
 WMMax 219.7 197.0 22.7 
     C Wf 242.7 279.2 36.5 
 K 2.50 1.98 0.52 
 M 657.7 854.1 196.4 
 WMMax 223.0 203.7 19.3 
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Table 3: Biomass model parameter estimates in 2009 and 2010.  Differences were calculated as 
the absolute value of 2009-2010 
Hybrid Parameter 2009 2010 Difference 
A Wf 343.0 363.0 20.0 
 K 3.97 3.26 0.71 
 M 541.9 652.7 110.8 
     B Wf 374.1 314.6 59.5 
 K 3.59 3.21 0.38 
 M 587.1 661.0 73.9 
     C Wf 365.4 308.2 57.2 
 K 3.60 3.20 0.40 
 M 570.6 680.5 109.9 
 
 
 
 
Table 4: Correlations between estimated moisture parameter values in 2009 and 2010 based on 
hybrids A, B, and C 
 
Parameter Correlation 
Wf 0.6610 
K 0.4726 
M -0.7520 
WMMax 0.9886 
 
 
 
 
Table 5: Correlations between the moisture and biomass parameter estimates in 2009 and 2010 
 
 
Parameter 2009 - Correlation 
2010 - 
Correlation 
Wf -0.3570 0.9352 
K 0.6522 0.5572 
M 0.5552 0.4219 
WMMax -0.2601 0.8555 
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Figure 1: Autocorrelations plots in 2009 (A) and 2010 (B) Dashed lines indicate a significance level of 0.01 
 
 
 
 
A B 
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Figure 2: Residuals vs. accumulated GDD in 2009 (A) and 2010 (B) 
 
 
 
A B 
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Figure 3: Estimated curves and observations for each hybrid in 2009 (A) and 2010 (B) 
 
 
 
A B 
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Figure 4: Estimated moisture curves for hybrids in 2010
  
85 
Figure 5: Estimated moisture and biomass accumulation plots for each hybrid in 2010 
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Figure 5 cont. 
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Chapter 4: Genetic analysis of biomass and moisture in maize kernels 
using canonical models of growth and development 
 
A paper to be submitted to Theoretical and Applied Genetics 
 
K.A. Meade, M. Cooper, W.D. Beavis 
 
Abstract 
Nonlinear models describing biomass accumulation and moisture content as indicators of 
maize kernel growth and development were applied to observations collected in a sample of 
testcrossed double haploids derived from a cross of elite inbred lines.  Biomass and moisture in 
maize kernels were assayed in 2009 and 2010.   A Gompertz function was used to describe 
biomass accumulation, while it’s partial derivative with respect to growing degree days was used 
to describe changes in moisture content in each of the testcrossed double haploids.  Parameter 
estimates and 365 segregating molecular markers were used for composite interval mapping and 
multiple-trait composite interval mapping of quantitative trait loci (QTL).  Thirty-eight QTL were 
found to be associated with parameters related to kernel growth and development.  These were 
located in regions on chromosomes 1, 2, 3, 4, 5, 8 and 9.  A bioinformatic search of these regions 
identified candidate genes that encode for ribosomal proteins, glucose and lignin synthesis 
proteins, and defense related proteins. 
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Introduction 
The genetic control underlying the processes of biomass accumulation and moisture 
content in developing maize kernels has been difficult to dissect.  The application of nonlinear 
models to represent continuously varying phenotypes of a mapping population provides an 
opportunity to identify candidate genes associated with both of these processes.  Herein we 
describe an experiment to identify quantitative trait loci (QTL). of kernel growth and 
development using estimates of nonlinear model parameters as the phenotype. 
Previous QTL studies of maize kernel phenotypes have largely focused on final measures 
of quantitative traits such as yield or grain quality.  A thorough review of these studies is beyond 
the scope of this paper, but for examples related to yield and grain weight see Veldbloom and Lee 
(1996) and Austin and Lee (1996).  An example of QTL mapping for kernel quality traits is 
available in Berke and Rocheford (1995).  These studies have focused on kernel traits after 
physiological maturity.  Observing the final stage of kernel development has provided some 
understanding of the genetic background of kernel traits, but has not given information about the 
genetic control of the development of the kernel.   
Growth and development can be studied using nonlinear models with parameters that 
describe a physiological process (Thornley and France, 2007).  Integrating physiology with 
genetics provides an opportunity to analyze important traits in terms of the underlying genetics 
and how the genetic component of the trait is interacting with the environment (Yin and Struik, 
2008).  The resultant information about the genetic control of physiological traits can be used in 
marker assisted selection, and as a starting point in a study of the molecular genetic mechanisms 
underlying maize kernel development.   
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Kernel biomass accumulation and moisture content can be modeled using nonlinear 
models as a function of growing degree days (Fig. 1).  The selection of appropriate nonlinear 
models to describe these vital parts of kernel growth and development has been previously 
described (Meade et al., 2012A; Meade et al., 2012B).  The Gompertz function was selected to 
describe biomass accumulation throughout kernel development.  There are a variety of 
parameterizations available for the Gompertz.  The selected parameterization includes parameters 
that estimate the upper asymptote as the final kernel weight, the inflection point as time to 
maximum growth, and the intermediate linear phase as growth rate (Yin et al., 2003).   
In order to connect biomass and moisture accumulation, the first derivative of the 
Gompertz function was selected to describe moisture content during growth and development.  
The first derivative of a growth function such as the Gompertz function is more commonly 
referred to as the rate of change (Thornley and France, 2007).  Using the first derivative to 
describe moisture content suggests that the moisture model can act as a latent variable for 
biochemical reaction rate (Meade et al., 2012B).   
When a nonlinear model is applied to observations taken in a genetic mapping 
population, the parameters can be used as phenotypes in a QTL mapping study.  This has been 
successfully done in the study of the flowering phenology of barley (Yin et al., 2005) and maize 
leaf growth as a function of growing degree days (Reymond et al., 2003).  Other studies have 
incorporated a QTL model with the nonlinear model to describe senescence in potato (Malosetti 
et al., 2006) and the growth trajectory of poplar (Wu et al., 2003).  The two techniques used in the 
potato and poplar studies were developed to account for the correlation between parameters in a 
model.  When correlations between phenotypes exist in a mapping study, it may affect the ability 
to accurately estimate the genetic effects (Malosetti et al., 2006; Wu et al., 2002).  However these 
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manuscripts did not address the potential for heteroscedastic residual variability (Meade et al., 
2012A).   
A form of interval mapping called multiple-trait composite interval mapping (MtCIM) 
can be used to test for pleiotropic effects across parameters when a QTL mapping method cannot 
be incorporated into the nonlinear model framework (Jiang and Zeng, 1995).  MtCIM and 
composite interval mapping (Zeng, 1994) of estimated parameters are used herein to dissect the 
nature of maize biomass accumulation and moisture content.   
Materials and methods 
Field design and sampling technique 
  A detailed description of the field design, calculation of growing degree days as an 
indicator of thermal time, and sampling technique is available in Meade et al. (2012A).  Briefly, 
the experiment was planted in a randomized complete block design with four replications in 2009 
and three replications in 2010.   The point at which silks emerged from the uppermost ear was 
determined, and served as the indicator that pollination had occurred.  Ears were sampled from a 
plot every three days starting shortly after pollination.  Growing degree days (GDD) from 
pollination to sampling were calculated as an indicator of stage of development.  Kernels were 
excised from the ear in a humid chamber.  Dry weight, an indicator of biomass accumulation, and 
moisture weight were then measured for each sample.   
Mapping population 
The mapping population consisted of a sample of 160 testcrossed double-haploids 
(TCDH) provided by DuPont Pioneer.  Two elite inbred lines were crossed to produce the TCDH 
(Fig. 2). The F1 was either selfed to produce F2 lines or crossed to a haploid inducer depending 
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upon the stage at which the haploidy was induced.  The F2 lines were then crossed to the inducer.  
A doubling agent was applied to the haploids to produce the double haploids.  83 of the double-
haploids were derived at the F1 stage, and 77 were derived at the F2 stage.  Double haploids were 
crossed to a common tester to produce TCDH.  65 of the F1 derived TCDH were grown in 2009.  
All of the F2 and 63 of the F1 derived TCDH were grown in 2010, resulting in an overlap of 
twenty-nine F1 derived TCDH between the two years.  Observations of the biomass and moisture 
of kernels from the two parents crossed to the common tester were also made, but the parameter 
estimates from these observations were evaluated and reported in separate manuscripts (Meade et 
al., 2012A; 2012B).   
Kernel samples were discarded if the associated plant was root lodged, diseased, had no 
immediate neighbors, flowered more than four days before or after the plot average, or showed 
heavy insect infestation.  A minimum of ten observations was used to describe kernel growth for 
each entry and replication.  Nine of the TCDH grown in 2009 and sixteen TCDH grown in 2010 
were discarded due to an insufficient number of assays during growth and development of the 
kernels. .   
Marker set 
A coded marker set and genetic distances between markers were provided by DuPont 
Pioneer.  Markers were segregating on all 10 chromosomes.  The maximum recombination 
distance between markers was 56.13cM and the minimum was 0cM.  322 of the markers were 
informative for the TCDH grown in 2009, while 365 markers were informative among the TCDH 
grown in 2010.  Physical locations and the nature of the markers are not known.  
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Nonlinear regression 
Model selection procedures are outlined for biomass and moisture in Meade et al. 
(2012A), and Meade et al. (2012B).   
Biomass model 
The Gompertz function was used in a regression model to describe biomass accumulation 
relative to GDD.   
𝑊 =  𝑊𝑓𝑒−𝑒−𝑘(𝑔−𝑀)                                              (Eq. 1)   
There are three parameters including the upper asymptote (Wf), the relative growth rate (k), and 
the GDD at which the growth rate is maximized (M) (Yin et al., 2003).  A two-part analysis was 
used to estimate parameter values for each TCDH.  The first part estimated parameter values for 
each TCDH independently.  
𝑦𝑖𝑗𝑘 = 𝑓�𝛷𝑖𝑗𝑘;  𝑔𝑖𝑗𝑘� + 𝑒𝑖𝑗𝑘                                              (Eq. 2) 
Where yijk is the kernel dry weight of a given entry i in replication j at observation k; f is the 
nonlinear function of GDD, g measured in GDD with parameters 𝛷𝑖𝑗𝑘; and eijk is the residual 
error that is assumed to be distributed as 𝑁(0,𝜎2).   Each nonlinear model was initially evaluated 
for each entry using nlsList in R.  Starting values were determined using self-starting functions 
(Pinheiro and Bates, 2000).  Estimates of the parameters were calculated for each entry and 
replication, and averaged to determine a starting value for each parameter for the next stage of 
analysis unless otherwise noted (Pinheiro and Bates, 2000). 
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A second stage of analysis estimates parameters using maximum likelihood for all entries 
simultaneously using GNLS in R (Pinhero and Bates, 2000).  The combined analysis treats the 
entries and replications as fixed effects and can be expressed in matrix form as (Eq. 3).  
𝒚𝒊𝒋  =  𝒇𝒊𝒋�𝛷𝑖𝑗,𝒈𝑖𝑗� + 𝜺𝑖𝑗 
 𝜺𝑖𝑗 ~ 𝑖𝑖𝑑,𝑁(𝟎,𝜎2𝑰) 
𝒚𝒊𝒋 =  � 𝑦𝑖𝑗1𝑦𝑖𝑗2⋮
𝑦𝑖𝑗𝑛𝑖
�,  𝜱𝒊𝒋 =  
⎣
⎢
⎢
⎡
𝛷𝑖𝑗1
𝛷𝑖𝑗2
⋮
𝛷𝑖𝑗𝑛𝑖⎦
⎥
⎥
⎤ = 𝑨𝒊𝒋𝜷,  𝜺𝒊𝒋 =  � 𝜺𝑖𝑗1𝜺𝑖𝑗2⋮
𝜺𝑖𝑗𝑛𝑖
�,   𝒇𝒊𝒋�𝛷𝑖𝑗,𝒈𝑖𝑗� =  
⎣
⎢
⎢
⎢
⎡  𝑓�𝛷𝑖𝑗1,𝑔𝑖𝑗1� 𝑓�𝛷𝑖𝑗2,𝑔𝑖𝑗2�
⋮ 𝑓�𝛷𝑖𝑗𝑛𝑖 ,𝑔𝑖𝑗𝑛𝑖�⎦⎥⎥
⎥
⎤   (Eq. 3) 
𝒈𝒊𝒋 =  � 𝒈𝑖𝑗1𝒈𝑖𝑗2⋮
𝒈𝑖𝑗𝑛𝑖
�,  𝑨𝒊 =  
⎣
⎢
⎢
⎡
𝑨𝑖𝑗1
𝑨𝑖𝑗2
⋮
𝑨𝑖𝑗𝑛𝑖⎦
⎥
⎥
⎤
 
where 𝒚𝒊𝒋 is the vector of observations for each entry i and replication j, 𝑨𝒊𝒋 is a design matrix for 
each entry and replication, and 𝜷 is a vector of fixed effects with a mean parameter value and a 
fixed effect for each entry and replication (Pinheiro and Bates, 2000; Davidian and Giltinan, 
2003).  It was not possible to predict random effects within the nonlinear model because the 
sample lacked power.   
The assumptions of independent and identically distributed errors are often violated in 
growth models such as the one described herein (Davidian and Giltinan, 2003).  An intraclass 
correlation estimate was used to determine if there was any indication of correlated errors. 
𝑐𝑜𝑟𝑟�𝑒𝑖𝑗𝑘 , 𝑒𝑖𝑗𝑘′� =  𝜌                                        (Eq. 4) 
ρ is the estimated intraclass correlation coefficient. 
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A method of transforming the residuals was used to address heteroscedastic errors.  The 
residuals were modeled as a function of the fitted values to a power of δ.   
𝑉𝑎𝑟�𝜀𝑖𝑗𝑘� =  σ2�𝑦�𝑖𝑗𝑘�2𝛿                                                (Eq. 5) 
The parameter δ results in a decrease of the variance as the fitted value increases, when δ is 
restricted to the interval between 0 and 1. 
Moisture model 
The function used to describe the moisture content in the kernel is the first derivative of 
the Gompertz function.   
𝑊𝑀 = 𝑊𝑓𝑘𝑒−𝑘(𝑔−𝑀)𝑒−𝑒−𝑘(𝑔−𝑀)                                          (Eq. 6) 
When (Eq 6) is applied to model the moisture weight at GDD g, final weight (Wf) and k act as 
scaling parameters and 𝑊𝑀 is the moisture weight at GDD g.  The parameter maximum growth 
(M) is the GDD at which maximum moisture weight is reached.  Setting GDD, g, to be equal to M 
will solve for the maximum moisture content (WMMax), which can also be expressed as (Eq 7): 
𝑊𝑀𝑀𝑎𝑥 = 𝑊𝑓𝑘𝑒−1                                   (Eq. 7) 
The two-part analysis used to model biomass accumulation as a function of GDD was applied to 
model moisture as a function of GDD.  The transformation of the residuals or the assumptions 
that the residuals were not normally distributed were not used because heteroscedastic errors were 
not observed in previous analysis of moisture content (Meade et al., 2012B). 
Parameter estimates 
In order to determine if there was variability within the TCDH for a given parameter, the 
mean and variance of each parameter were estimated.   
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?̅? = ∑𝑝𝑖
𝑛
 
𝜎𝑝2� = ∑(?̅? − 𝑝𝑖)2𝑛 − 1  
The mean, ?̅?, is the average value over i=1,2,…,n TCDH. The variance, 𝜎𝑝2�, is the sum of the 
squared deviations of the individual parameter means divided by 𝑛 − 1 TCDH. 
Correlations between parameter values within a year were also estimated. 
𝑟𝑝𝑙𝑝𝑗 =  𝐶𝑜𝑣(𝑝𝚤,𝑝𝚥)�
�𝑉𝑎𝑟(𝑝𝚤)� 𝑉𝑎𝑟(𝑝𝚥)�                                     (Eq. 8)                   
The estimated correlation, 𝑟𝑝𝑙𝑝𝑗, is calculated for all parameters l and j where l or j and l≠j.   
Estimated correlations were calculated between years using twenty-four (five of the 
replicated TCDH were discarded). TCDH grown in 2009 and 2010  as:                 
𝑟𝑝 =  𝐶𝑜𝑣(𝑝09,𝑝10)�
�𝑉𝑎𝑟(𝑝09)� 𝑉𝑎𝑟(𝑝10)�                                     (Eq. 9) 
where rp is the correlation for a parameter in year 2009 or 2010. 
Quantitative trait loci mapping 
Quantitative trait loci (QTL) mapping was conducted in WinQTL Cartographer as 
described in Wang et al., (2012). 
Composite interval mapping 
Composite interval mapping (CIM) using the estimated parameter value as the phenotype was 
carried out for each parameter from the biomass and moisture models as: 
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𝑦𝑖𝑗 =   𝑏0 + 𝑏∗𝑥∗𝑖 + � 𝑏𝑘𝑥𝑖𝑘 + 𝑒𝑖
𝑘≠𝑙,𝑙+1                    (Eq. 10) 
where yij is the value for parameter j in TCDH i, b0 is the mean value for parameter j, the additive 
effect of the putative quantitative trait locus (QTL) is represented by b* when  𝑥∗𝑖 is an indicator 
variable with value of 0 or 2.  The probability associated with the indicator variable depends upon 
the position of the putative QTL and the genotype of the flanking markers.  Markers l and l+1 are 
the markers flanking the putative QTL, while 𝑏𝑘𝑥𝑖𝑘 indicate the partial regression coefficient and 
the indicator variable for markers (k) selected as covariates.  Finally, 𝑒𝑖 is the error associated 
with parameter j for individual i in this model (Zeng, 1994).   
The hypothesis tested is 𝐻0:𝑏∗ = 0, and the alternative is 𝐻1:𝑏∗ ≠ 0.  A log-likelihood 
odds (LOD) score was calculated at each step and compared to a LOD score calculated from a 
permutation test (Churchill and Doerge, 1994).   
Multiple-trait composite interval mapping 
When there are correlations between parameters within the moisture and biomass models, 
multiple-trait composite interval mapping (MtCIM) can be used to distinguish QTL jointly 
associated with at least one or more of the parameters.  MtCIM is an extension of CIM that 
incorporates two or more parameters from the biomass or moisture models into a single QTL 
model.  The MtCIM model can be expressed as:   
𝒀 = 𝒙∗𝒃∗ +    𝑿      𝑩  +    𝑬                               (Eq.11) 
Y is a matrix of the yij parameter values for each individual i=1,2,…,n and parameter values 
j=1,2,…,m; x* and b* are vectors of b* and x*i; X and B are matrices of xik and bk for the markers 
selected as covariates k=1,2,…,t; and E is the matrix of residuals.   
 nxm         nx1   1xm           nx(2t+1). (2t+1)xm           nxm 
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The hypothesis tested by MtCIM is  𝐻0:𝑏1∗,𝑏2∗, … , 𝑏𝑚∗ = 0 and the alternative 
𝐻1:𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑏𝑚∗ ≠ 0 (Jiang and Zeng, 1995).  A LOD score for each step is calculated and 
compared to a value determined through a permutation test where the relationship between the 
parameter values for an individual is maintained (Churchill and Doerge, 1994).   
QTL mapping specifications 
Several specifications were made to facilitate the QTL analysis based on the marker set, 
population, and the nature of the phenotype in this case parameter values from either the biomass 
or moisture model. Cross information was designated as a recombinant inbred line derived by 
double haploid lines.  The Haldane map function was selected along with a 1cM walk speed.  The 
walk speed specifies that a new putative QTL be tested at every centimorgan.  The threshold level 
used to determine if a QTL is present at a significance level of 0.05 was determined using 
permutation tests with 1000 iterations.  Five control markers and a window size of 10cM were 
selected.  This signifies that up to five markers will be used as covariates, but that the markers 
selected will be more than 10cM from the putative QTL to prevent cancellation of the QTL signal  
A forward and backward elimination process was used to select the final QTL model.  Finally, 
support intervals were calculated at one- or two-LOD intervals indicating when the likelihood 
ratios calculated at positions around the QTL are within factors of 10 or 100 for a 95% or 99% 
support interval (Lander and Botstein, 1989). 
Candidate gene search 
A candidate gene search was conducted in maizegdb.org (Lawrence et al., 2005).  The 
ISU Integrated IBM map was used to identify candidate genes (Liu et al., 2009).  The genetic 
distances between loci on the ISU Integrated IBM map provided a comparison to the genetic 
distances in this study.  The ISU Integrated IBM map was downloaded, and loci annotated as 
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genes isolated in the downloaded file.  Genes within the 99% support interval of a QTL position 
identified in this study were further investigated in maizegdb.org.  The genes annotated with 
descriptions of associated mutations or proteins were labeled as candidate genes.  
Results and discussion 
Parameter estimates 
Means, variances, and minimum and maximum values are presented for each of the 
parameter estimates in Table 1.  Observations from 2009 and 2010 were analyzed separately due 
to widely varying weather patterns (Meade et al., 2012A, Meade et al., 2012B) and the different 
samples of TCDH used in 2009 versus 2010.   
The majority of the estimates appear to be approximately normally distributed, though 
the maximum moisture and GDD to maximum moisture appear to be bimodal in both years (Fig. 
3).  Values of the parameters in 2009 tend to be higher than those observed in 2010.  This is due 
to an incomplete growing season in 2009.  The inability to observe the weights of mature kernels 
resulted in an overestimation of the final weight.  This also affected other parameter estimates by 
skewing the growth curves (Fig. 4). 
The nature of the parameter estimates within either the biomass or moisture model 
suggests a degree of correlation (Davidian and Giltinan, 2003).  Correlations between parameter 
estimates for biomass and moisture models in 2009 and 2010 are given in Table 2.  All 
parameters within a model and year were correlated, though the maximum moisture and time to 
maximum moisture were not highly correlated.  Correlations within a parameter estimate across 
years (Table 3) suggest that there is correlation between the two years, but not strongly. 
 
  
99 
Composite interval mapping 
Composite interval mapping was carried out for each parameter in each year.  A total of 
twenty-eight QTL were found for the parameters in the biomass and moisture models (Table 4, 
Fig. 5). Six of the QTL were associated with the upper asymptote or time to maximum growth of 
biomass accumulation.  The remaining twenty-two were associated with moisture content, and 
QTL were found for all moisture model estimates.  A larger number of QTL were found in 2010 
than 2009.  This is not surprising given the small number of TCDH grown in 2009.  The small 
population size reduces the power to find QTL (Beavis, 1993).  
QTL associated with parameters from both the moisture and biomass models tended to be 
found in the same regions.  Chromosomes 2 and 4 contained QTL associated with both biomass 
and moisture parameters (Fig. 6).  Chromosome 4 contained a particularly large number of QTL 
between 78.4cM and 142.5cM for moisture and biomass models in 2009 and 2010.  Other QTL 
dense regions included chromosome 8 which contained four QTL all associated with moisture 
model parameters.   Chromosome 1 contained several moisture model QTL and one joint biomass 
model QTL near the same region on the chromosome.   
Multiple parameters were associated with the same locus or region if the support limits 
were considered.  However it was less common that the same parameter was associated with the 
same locus across years.  These observations may be due to the high degree of correlation 
between parameters, and the probable QTL by environment effects (Lynch and Walsh, 1998).  
Growth is highly dependent on environment (Bewley and Black, 1994), leading to the hypothesis 
that there would be QTL by environment interactions.  This would seem to be particularly true 
when the mapping experiment is conducted in two widely varying environments as this one was.  
However the small number of TCDH grown in both years prevented us from formally testing this 
hypothesis. 
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Additive effects are given for each QTL, but should be used with caution.  Some of these 
effects are almost certainly overestimated due to the small sample sizes.  The small sample sizes 
and degree of linkage disequilibrium also affect the ability to accurately estimate the genomic 
position (Beavis, 1998).   
Multiple-trait composite interval mapping 
The correlations between the estimated parameters suggested that MtCIM would be 
appropriate.  MtCIM can test for QTL with possible pleiotropic effect (Jiang and Zeng, 1995).  
The QTL found in the MtCIM analysis are termed joint QTL based on the hypothesis test that at 
least one of the parameters is significantly associated with a QTL at that locus.  Four joint QTL 
were associated with the biomass model, one each on chromosomes 1, 2, 3, and 4, and all from 
2010.  The moisture model was associated with six joint QTL, two in 2009 and four in 2010.  The 
joint QTL found in 2009 were not found in 2010.  The same qualifications about genomic 
position apply to the joint QTL as those found using CIM. 
Candidate gene search 
A list of candidate genes and the parameters associated with the nearby QTL are listed in 
Table 5.   
There are several families of genes, many with members on different chromosomes that 
were found in the search.  Five ribosomal or ribosome related genes were found to be associated 
with parameters of the moisture model.  Ribosomes are responsible for the formation of proteins, 
and the candidate genes listed encode for subunits of larger ribosomal complexes or a ribosomal 
deactivating protein.   The ribosomal deactivating protein has been found to be endosperm 
specific (Lanzanova et al., 2011).   
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Genes related to defense were also commonly found.  Two pathogenesis-related genes, 
prp2 and prp5 were located near moisture model QTL.  Prp2 has been previously isolated in the 
endosperm (Liu et al., 2009).  Other genes coding for defense related proteins were also found.   
Two genes that code for proteins related to benzoxazinone synthase were found, one on 
chromosome 1 and the other on chromosome 4.  Benzoxazinone is a secondary metabolite related 
to host resistance against pathogens and insects (Gierl and Frey, 2001).   
Several genes related to synthesis of glucose, starch or other necessary components of 
cell growth were near QTL.  These include two terpene synthase genes, a cysteine synthase, and 
four that are related to glucose transport and synthesis.  The synthesis genes were located near 
moisture and biomass model QTL on chromosomes 4 and 8.   
Five of the candidate genes found near moisture model QTL have been hypothesized to 
be part of a stress response and anaerobic metabolism in Opaque 2 (o2) maize kernels.  
Glyceraldehyde-3-phosphate dehydrogenase 1, phosphoenolpyruvate carboxykinase homolog 2, 
pyruvate orthophosphate dikinase 2, and pyruvate decarboxylase have all been found to be 
associated with metabolism, or glycolysis and glucogenesis, as well as hypoxic response (Wu et 
al., 2010; Zou et al., 2010; Guo et al., 2012). Ribosome inactivating protein 1 has been identified 
as an endosperm specific protein regulated by o2 (Bass et al., 1992). 
Two genes, one in the rat-sarcoma-like (ras) and the other in the ras-related families, 
encode small GTPases that have been found to be associated with cell growth, division, and 
survival in mammals (Goodsell, 1999).   There are also candidate genes encoding for proteins 
related to lignin biosynthesis.  These include cinnamyl alcohol dehydrogenase and brown midrib 
3 (Vignols, 1995, Grabber, 2005). 
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Three genes involved in single-carbon metabolism by S-adenosylmethionine (SAM) were 
among the candidate genes.  Cysteine synthase, S-adenosylmethionine decarboxylase 2, and 
adenosyl homocysteine hydrolase are all involved in the SAM pathway which has been found to 
be involved in the early stages of ethylene biosynthesis.  Ethylene is a phytohormone that 
regulates growth and development in plants (Bürstenbinder and Sauter, 2012).  
Any of these genes could reasonably be related to kernel growth and development.  The 
ribosomal proteins and their function in protein synthesis are easily related to growth.  Genes 
encoding proteins related to defense may be produced in an attempt to protect kernels from 
damage throughout growth, though how they affect the shape of the growth curve is not clear.  
The genes that encode for proteins related to synthesis of various materials, particularly glucose 
and starch would be reasonable targets for marker assisted selection in a plant breeding program.  
Other genes, such as ras1, may warrant further investigation into their role in kernel growth and 
development.   
General QTL discussion 
There were large blocks of QTL found on chromosomes 1, 2, 4, and 8.  The degree of 
overlap in the support interval between QTL associated with different parameters makes it 
difficult to determine which parameter is associated with a particular gene.  This suggests a 
significant degree of pleiotropy, linkage or epistasis.  While the same locus was not found to be 
associated with the same parameter across years, it was common to find that QTL of one or more 
parameters from 2009 co-localizing to the same area as QTL found in 2010.   
The overlap in QTL between moisture and biomass models furthers the hypothesis that 
the two processes share a common genetic basis (Meade et al., 2012B).  In fact all biomass model 
QTL were found at or near other moisture model QTL.  However there were many QTL 
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associated with moisture model parameter estimates that did not co-localize with parameters from 
the biomass model.  These were largely found on chromosome 1 and chromosome 8.  The QTL 
found on chromosome 8 were largely related to the relative growth rate (RGR) in 2009.  The 
unusual weather patterns affected the RGR, which may have resulted in the QTL being found in 
2009 but not in 2010.  Some QTL were not near candidate genes listed in the ISU Integrated IBM 
map.  This is not necessarily indicative of the lack of a QTL, but may instead be due to an 
incomplete gene list from the available map.  Other possibilities include the presence of a small 
RNA or promoter region.   
Conclusions 
Thirty-eight QTL were found to be associated with moisture and biomass accumulation 
in maize kernels.  The use of nonlinear models provided an opportunity to study the genetics of 
kernel growth and development through all stages of development after pollination.  The high 
degree of correlation between the parameters led to the decision to use MtCIM as well as CIM.  
This resulted in the isolation of several joint QTL that may have pleiotropic effects on kernel 
growth.  The candidate gene search found several genes that could easily be related to biomass 
accumulation and moisture accumulation and loss.  The QTL found in this study can be used in 
marker assisted selection for improved growth traits or as a start point to understand the genetics 
of kernel growth and development.   
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Model Year Parameter Mean Variance Minimum Maximum 
2009 Biomass Wf 381.88 916.21 446.33 314.44 
    k 3.76 0.03 4.22 3.37 
    M 569.33 339.66 614.90 512.74 
  Moisture Wf 281.29 816.31 336.64 217.49 
    k 2.31 0.02 2.63 2.00 
    M 708.10 1253.68 797.75 623.23 
    WMMax 238.05 323.25 282.04 203.52 
2010 Biomass Wf 328.14 841.59 408.20 259.49 
    k 3.29 0.04 3.83 2.81 
    M 644.49 543.16 698.59 588.53 
  Moisture Wf 291.40 766.73 359.71 232.59 
    k 2.00 0.02 2.33 1.64 
    M 817.64 1063.45 902.02 744.87 
    WMMax 213.51 349.18 261.12 174.73 
 
 
 
 
 
 
 
Table 1: Means, variances, minimum and maximum for moisture and biomass model 
parameter estimates in 2009 and 2010 
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2009 Biomass   2010 Biomass 
  Wf k M     Wf k M 
Wf 1       Wf 1     
k -0.5703 1     k -0.5883 1   
M 0.5713 -0.9142 1   M 0.6405 -0.8755 1 
 
2009 Moisture   2010 Moisture 
  Wf k M WMMax     Wf k M WMMax 
Wf 1         Wf 1       
k -0.6849 1       k -0.4386 1     
M 0.7970 -0.8331 1     M 0.5714 -0.6593 1   
WMMax 0.7557 -0.0461 0.3003 1   WMMax 0.7807 0.2157 0.1632 1 
 
 
Biomass   Moisture 
  Correlation     Correlation 
Wf 0.7449   Wf 0.8591 
k 0.4766   k 0.4414 
M 0.6247   M 0.6033 
      WMMax 0.8021 
Table 2: Correlations between parameter estimates within a year 
Table 3: Correlations within a parameter across years 
 109 
 
 
 
Year Model 
Estimated 
Para-
meter 
Chromo-
some 
QTL 
Position 
(cM) 
Likelihood 
Ratio 
Additive 
Effect 
Upper 
SL-95% 
Lower 
SL-95% 
Upper 
SL-99% 
Lower 
SL-99% 
2009 Biomass Wf 4 89.2 23.0 -16.6 86.3 93.3 85.1 94.1 
    M 4 133.2 17.7 -10.5 120.1 134.8 119.3 134.8 
    M 4 139.5 15.5 -9.4 134.8 146.2 134.8 152.1 
  Moisture Wf 1 170.4 23.5 11.3 159.5 188.8 157.1 200.1 
    Wf 4 124.2 25.9 -17.1 119.3 134.2 119.3 134.8 
    k 8 58.5 18.4 -0.1 58.2 59.5 34.0 59.6 
    k 8 74.2 27.4 -0.1 73.0 75.2 72.2 75.6 
    k 8 81.7 30.0 -0.1 81.2 102.4 75.6 108.3 
    M 4 130.2 26.3 -22.2 112.1 134.2 104.3 134.8 
    M 4 139.5 24.8 -21.1 138.2 144.1 134.8 148.1 
    Joint 8 70.8 30.6 . 69.4 71.8 68.5 72.2 
    Joint 8 81.7 34.5 . 76.8 96.8 75.7 107.3 
2010 Biomass Wf 2 31.2 19.7 -11.1 19.7 39.6 18.1 49.4 
    Wf 4 91.1 23.8 -12.0 86.5 94.5 80.1 94.5 
    Wf 4 106.3 24.1 -11.7 94.5 113.7 94.5 116.9 
    Joint 1 259.8 23.7 . 254.9 268.1 252.5 270.2 
    Joint 2 34.2 22.7 . 22.6 46.1 18.1 53.0 
    Joint 3 149.1 25.9 . 126.8 164.3 119.2 167.7 
Table 4: Summary of QTL found.  Biomass model parameters: Wf  is the final kernel weight, M is the GDD at maximum growth rate.  Moisture 
model parameters: Wf and k are a scaling parameter affecting the shape of the growth curve, M is the GDD at maximum moisture content,  
WMMax is the maximum moisture content.  Joint indicates the presence of a QTL found using MtCIM.  These QTL may have a pleiotropic effect 
across multiple parameters in a model.  The likelihood ratio, additive effect, and the upper and lower 95% and 99% support limits for the QTL 
position are given. 
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Year Model 
Estimated 
Para-
meter 
Chromo-
some 
QTL 
Position 
(cM) 
Likelihood 
Ratio 
Additive 
Effect 
Upper 
CL-
95% 
Lower 
CL-
95% 
Upper 
CL-
99% 
Lower 
CL-
99% 
2010 Biomass Joint 4 100.6 26.0 . 86.5 113.8 85.2 117.2 
2010  Moisture  Wf 2 112.9 18.4 -8.0 101.8 114.0 96.2 114.0 
  Wf 4 91.1 30.1 -12.2 86.6 100.6 85.2 100.6 
  Wf 4 109.3 31.0 -12.7 101.7 115.5 100.6 117.7 
    Wf 5 126.7 17.5 11.7 114.2 132.3 107.4 132.3 
    M 3 164.3 13.9 10.1 136.9 173.7 120.2 175.5 
    M 4 142.5 14.0 -11.0 123.1 157.3 108.4 166.2 
    M 8 87.9 16.8 11.8 85.8 90.3 85.8 90.6 
    M 9 126.2 16.7 12.8 105.2 135.4 90.8 139.3 
    WMMax 1 182.4 30.0 8.9 168.3 200.3 162.8 209.6 
    WMMax 1 222.6 21.2 6.5 215.2 235.1 215.2 237.2 
    WMMax 1 239.0 20.5 6.6 238.8 245.1 238.7 246.4 
    WMMax 1 249.6 17.9 6.0 246.4 253.6 246.4 254.3 
    WMMax 2 30.2 17.8 -7.0 13.4 38.1 7.9 39.5 
    WMMax 4 78.4 16.5 -7.3 61.4 85.1 61.1 85.1 
    WMMax 4 107.3 27.5 -8.6 104.3 113.4 104.3 116.0 
    Joint 1 188.4 38.9 . 168.3 204.4 162.1 213.0 
    Joint 1 217.5 31.1 . 215.2 220.9 215.2 229.3 
    Joint 4 91.1 35.7 . 86.9 104.3 85.6 104.3 
    Joint 4 109.3 32.9 . 104.3 115.6 104.3 118.1 
  
Table 4 cont. 
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Locus 
Name Description Chromosome 
Genome 
Location 
(cM) 
Associated 
Model 
Associated 
Parameter 
myc7 transcription factor induced by iron starvation 1 158.4 Moisture Wf 
rs2 
short, zigzag plants with warty, distorted sheaths and 
leaves 1 159 Moisture Wf 
cys2 cysteine synthase 1 172.6 Moisture WMMax, Joint 
gpm4 similar to copper transport 1 172.6 Moisture WMMax, Joint 
prp5 pathogenesis related protein 1 173.8 Moisture WMMax, Joint 
bx9 Defense - benzoxazinone synthase 1 175.3 Moisture WMMax, Joint 
ntf1 
single copy leaf cDNA csu608, similar to yeast 
nuclear tranport factor 1 204.8 Moisture WMMax, Joint 
pdh2 pyruvate dehydrogenase 1 209.8 Moisture Joint 
krp4 kinesin related protein 1 226.3 Moisture WMMax, Joint 
acpt1 acyl carrier protein 1 230.1 Moisture WMMax 
tps7 terpene synthase 1 241.2 Moisture WMMax 
cad1 cinnamyl alcohol dehydrogenase 2 43 Biomass Wf, Joint 
tps1 terpene synthase 2 43 Biomass Wf, Joint 
ras1 Rat sarcoma protein like 2 106.1 Moisture Wf 
sam2 S-adenosyl methionine decarboxylase 2 2 106.1 Moisture Wf 
prp2 pathogenesis related protein 2 - found in endosperm 2 109.6 Moisture Wf 
zmm16 
Zea mays MAD16 - weakly expressed in developing 
kernels 3 137.3 
Moisture / 
Biomass M / Joint 
psbs1 
photosystem ii subunit - elicits defense against 
destructive effects of excess absorbed light energy 3 146.1 
Moisture / 
Biomass M / Joint 
Table  5: Candidate genes and the associated model(s). and parameter(s)   
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Locus 
Name Description Chromosome 
Coordinate 
Value (cM) 
Associated 
Model 
Associated 
Parameter 
cyc4b cyclin4 drives maturationl elevated histone H1 kinase 
activity 3 169.5 Moisture M 
rnc1 ribonuclease iii domain protein 1- required for 
splicing of chloroplast introns 3 169.8 Moisture M 
bx7 
benzoxazinone synthesis 7 - related to defense 4 81.8 
Moisture / 
Biomass WMMax / Wf 
pgd3 
phosphogluconate dehydrogenase 3 4 82.9 
Moisture / 
Biomass WMMax / Wf 
wip2 
wound inducible protein 2 4 82.9 
Moisture / 
Biomass WMMax / Wf 
ahh1 adenosyl homocysteine hydrolase 1 - endosperm 
similar to plant activated methyl cycle enzyme 4 84.5 
Moisture / 
Biomass WMMax / Wf 
mbf1 
multi-protein bridging factor homolog 1- ethylene 
responsive transcriptional coactivator - found in 
endosperm 4 88 
Moisture / 
Biomass Wf, Joint / Wf, Joint 
sig1B sigma factor 1B 4 90.6 
Moisture / 
Biomass Wf, Joint / Wf, Joint 
bm3 brown midrib 3 - related to lignin production - mutant reduces yield 4 91.4 
Moisture / 
Biomass Wf, Joint / Wf, Joint 
gpc1 
glyceraldehyde-3-phosphate dehydrogenase1 - 
involved in glycolysis and glucogenesis - present in 
all organs tested 4 96.5 
Moisture / 
Biomass Wf, Joint / Wf,  Joint 
bt2 brittle endosperm 2 - endosperm ADPG 
pyrophosphorylase subunit 4 101.4 
Moisture / 
Biomass Wf, Joint / Wf, Joint 
Table 5 cont.   
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Locus 
Name Description Chromosome 
Coordinate 
Value (cM) 
Associated 
Model 
Associated 
Parameter 
nnr1 nitrate reductase (NADH). 1- found in scutellum 4 101.4 Moisture / Biomass Wf, Joint / Wf, Joint 
nfa104 
nucleosome / chromatin assembly factor A104 - 
histones into nucleus, nucleosome assembly and 
chromatin fluidity - affect transcription 
4 103.7 Moisture / Biomass Wf, Joint / Wf, Joint 
eng1 endo-1,3-1,4-beta-D-glucanase1 - coleoptile enzyme, located in cell wall - related to growth 4 108.3 
Moisture / 
Biomass 
WMMax, Wf, M, Joint 
/ Wf, Joint 
hir1 hypersensitive induced reaction 1 4 108.3 Moisture / Biomass 
WMMax, Wf, M, Joint 
/ Wf, Joint 
gl8b 3-ketoacyl reductase GL8B - embryo lethal mutant encodes fatty acid elongase - paralogous to gl8 4 110.6 
Moisture / 
Biomass 
WMMax, Wf, M, Joint 
/ Wf, Joint 
serk3 somatic embryogenesis receptor-like kinase 3 4 110.6 Moisture / Biomass 
WMMax, Wf, M, Joint 
/ Wf, Joint 
pip2c plasma membrane intrinsic protein 2 4 111.3 Moisture / Biomass 
WMMax, Wf, M, Joint 
/ Wf, Joint 
c2 colorless 2 - colorless aleurone 4 114.1 Moisture / Biomass 
WMMax, Wf, M, Joint 
/ Wf, Joint 
pip1e plasma membrane intrinsic protein 1 4 117 Moisture / Biomass Wf, M, Joint / Joint 
ant2 adenine nucleotide translocator 2 - transcribed in basal meristem - not in green leaves 4 129.8 
Moisture / 
Biomass Wf, M / M 
Table 5 cont.   
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Locus 
Name Description Chromosome 
Coordinate 
Value (cM) 
Associated 
Model 
Associated 
Parameter 
gol1 goliath 1 4 165.7 Moisture M 
rpl35 ribosomal protein L35 - 60S 5 122.5 Moisture Wf 
myb3 Encodes WD-repeat protein 5 125.2 Moisture Wf 
aasr6 abscisic acid stress ripening 6 5 131.7 Moisture Wf 
glct1 glucose translocator 8 41.6 Moisture k 
pdc2 pyruvate decarboxylase 2 - induced by anoxia 8 46.9 Moisture k 
fps1 farnesyl pyrophosphate synthase 1 - found in endosperm 8 75.2 Moisture k 
rpl17 ribosomal protein 17 8 75.2 Moisture k 
rps28 ribosomal protein S28 8 75.2 Moisture k 
rgp2 ras-related protein RGP2 8 85.1 Moisture k, Joint 
pdk2 pyruvate, orthophosphate dikinase 2 - cytosolic 8 93.1 Moisture k, Joint 
rip1 ribosome inactivating protein 1 - also 32kD endosperm b32 protein - endosperm specific 8 93.1 Moisture k, Joint 
der1 endoplasmic reticulum-associated degredation protein 8 93.6 Moisture k, Joint 
hox1 
homeobox 1 - DNA binding transcriptional regulator 
with affinity for sh1 feedback control element **sh1 
is shrunken 1 
8 106.4 Moisture k, Joint 
fad7 fatty acid desaturase 7 9 109.6 Moisture M 
pck2 phosphoenolpyruvate carboxykinase homolog 2 9 126.3 Moisture M 
 
Table 5 cont.   
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Figure 1: Maize kernel biomass accumulation and moisture accumulation and loss as a 
function of GDD   
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Figure 2: Formation of the mapping population of testcrossed double haploids   
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Figure 3: Histograms of parameter values from the biomass and moisture models in 2009 and 2010   
Biomass 2009 
Biomass 2010 
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Moisture 2009 
Figure 3 cont.   
Moisture 2010 
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Figure 4: Biomass and moisture observations of the two parents crossed to the common tester.  Hybrid A is Parent A crossed to the common 
tester, and Hybrid B is Parent B crossed to the common tester.  Observations from 2009 are in blue and observations from 2010 in red.  
GDD 
    Hybrid A             Hybrid B     Hybrid A             Hybrid B 
GDD 
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Figure 5: Plots of likelihood ratios and additive effects for the biomass and moisture models in 2009 and 2010 
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Figure 6: QTL placement on chromosomes by model.  Joint QTL are indicated by arrows.  
Moisture model QTL are in blue and biomass model QTL are in orange.   
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Chapter 5: General conclusions and future work 
The genetics of maize kernel growth and development was dissected using a forward 
genetics approach with nonlinear functions to describe biomass accumulation and moisture 
content over GDD.  Maize kernel biomass accumulation and moisture content were observed 
starting shortly after pollination through physiological maturity.  Observations were taken in a 
sample of hybrids and a sampled mapping population consisting of testcrossed double haploids in 
2009 and 2010.  Dry weights of fifteen kernel samples were used to measure the biomass 
accumulation, and moisture weight of the same samples were used to measure moisture content.  
GDD between pollination and harvest was noted for each sample.   
Observations from the hybrids were used to construct models that describe biomass 
accumulation and moisture content.  Five nonlinear functions with biological meaning in terms of 
kernel growth and development were compared and contrasted for biomass accumulation.  The 
logistic, Gompertz, Chanter, Weibull, and Richards (Verhulst, 1838; Winsor, 1932; Weibull, 
1951; Yang et al., 1978; Yin et al., 2003; Thornley and France, 2007) functions were used to 
model biomass accumulation over GDD and the information criterion associated with each model 
was compared to determine which provided the best fit to the data.  Other criteria including 
biological interpretation of the parameters and ability to easily converge over a wide range of 
kernel biomass accumulation curves were considered.   
The Chanter model failed to converge at the first stage of analysis and was removed from 
further consideration.  Parameterizations of the logistic, Weibull, and Richards functions included 
a parameter that estimated the kernel weight at pollination.  For the 5-parameter Richards 
function in 2009, the initial weight was estimated to be below zero grams per kernel.  Since a 
negative initial weight is biologically intractable, this was found to be a deterrent to using 
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functions that estimate an initial weight.  Both the 3- and 4-parameter logistic functions assume a 
symmetric growth curve.  This assumption was not a good fit to the data, and the logistic 
functions were discarded.  The Richards models often required adjustment of the starting values 
or an increase in the convergence tolerance.  Though the AIC and BIC scores in 2009 found the 
Richards function to be a better fit than other functions, the inability to easily converge over a 
wide range of growth curves suggested that these functions were not the best fit for kernel 
biomass accumulation.  Of the functions tested, the Gompertz and Weibull were found to be the 
best functions to model kernel biomass accumulation.  However the Gompertz was preferred due 
because the parameters were easily interpreted for the processes of growth and development.   
The residuals were found to be highly heteroscedastic, and methods of accounting for the 
non-homogeneity of the errors were also considered.  Two methods, the power and exponential 
method were tested along with the log-transform both sides method.  The log-transformation was 
quickly found to be insufficient to account for the severe heteroscedastic errors.  The power and 
exponential methods were then tested.  Each method required the use of a covariate, and two were 
tested: the fitted values, and GDD.  It was determined that the exponential method did not 
converge as easily as the power method.  The final model selected to describe kernel biomass 
accumulation included the Gompertz function and the power method of transforming the 
residuals.  The best covariate to use was found to depend on the data set, but GDD was preferred 
for the hybrids tested. 
A function for modeling moisture content that described moisture content in the same 
context as biomass accumulation was desirable.  Plotting the moisture content observations 
against GDD led to the hypothesis that moisture content could be modeled using the first 
derivative of the Gompertz function, also termed the rate of change function.  This hypothesis 
was tested using observations from the same hybrid samples used to determine a biomass 
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accumulation model.  It was found that the rate of change function did provide an informative 
description of moisture content.  The parameters in the rate of change function can be directly 
compared to those in the biomass accumulation model, and still have meaning in terms of 
moisture content.  Some lack of fit was noted in 2009, but this may be due to the use of GDD as a 
measure of development.  GDD does not take into account light interception or photoperiod both 
of which are necessary for growth and development.   
We hypothesize that the moisture content over development can be used as a latent 
variable for biochemical reaction rate.  Moisture content reaches a maximum well after the 
maximum growth rate of biomass accumulation is reached.  However, biochemical reactions 
continue to occur in the kernel after biomass accumulation ceases (Scanlon and Takacs, 2009).    
This and the ability to use the rate of change equation from a nonlinear function describing 
growth and development strongly suggest that moisture content can be used as a substitute for 
biochemical reaction rate. 
Both of the model selections were done in preparation for studying the genetic control of 
kernel growth and development.  Selecting appropriate models was necessary to eliminate as 
much variability associated with experimental error and to estimate parameters that had meaning 
within kernel growth and development.  The selected models were applied to a sample from a 
mapping population of testcrossed double haploids.  CIM and MtCIM were carried out with the 
parameter values as the phenotype.  Analyses of the two years were carried out separately.  
Thirty-eight QTL were found; ten associated with biomass accumulation and twenty-eight with 
moisture content.  Ten of the QTL found were joint QTL.  Joint QTL indicate the presence of a 
locus that may have a pleiotropic effect on biomass accumulation or moisture content.  The 
remaining QTL were associated with one of the parameters from either the moisture or biomass 
models.  QTL were found on chromosomes 1, 2, 3, 4, 5, 8, and 9.  A particularly large number of 
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QTL were located on chromosome 4.  Fifteen of the thirty-eight localized to the same region on 
chromosome 4 suggesting a region of pleiotropic or epistatic QTL.   
A candidate gene search was conducted using the ISU Integrated IBM map in 
maizegdb.org (Lawrence et al., 2005; Liu et al., 2009).   Several gene families were found that 
could be associated with kernel growth and development.  Genes coding for ribosomal proteins 
and a ribosome deactivating protein were located with the support intervals of QTL.  Genes 
coding for defense related proteins were also found.  These are more difficult to explain than the 
ribosomal genes which are involved in protein production.  Synthesis genes were also common 
and included cysteine synthase, terpene synthase, lignin biosynthesis and several genes related to 
glucose synthesis or transport.  Some of the candidate genes near moisture content QTL have 
been hypothesized to be part of anaerobic metabolism and stress responses in Opaque 2 kernels 
(Wu et al., 2010; Zou et al., 2010; Guo et al., 2012).  Several genes involved in the SAM pathway 
were also among the candidate genes.  SAM is necessary in the early stages of ethylene 
biosynthesis, and ethylene is related to transitions between stages of maturity (Bürstenbinder and 
Sauter, 2012) 
This study set out to meet three objectives; determine models to describe biomass 
accumulation and moisture content in the same context, and dissect the genomics of kernel 
growth and development using the selected models.  These goals were met, but the results have 
led to many more questions about kernel growth and development.  The QTL mapping study was 
conducted with a sample of segregating progeny from a single population.  It is very likely that 
other loci related to biomass accumulation or moisture content would be found if a larger sample 
or different populations that differ for segregating loci were used.  Other QTL may also be found 
if different parameterizations of nonlinear models were used in the QTL mapping exercise. 
129 
 
 
  
The candidate genes identified provide an interesting insight into what may control kernel 
growth and development.  Further investigation of these genes and loci segregating within the 
genes could give a more detailed understanding of the processes and systems that are required to 
produce a fast growing hybrid with a heavy final kernel weight.  The networks that were 
identified may also contain other genes that can be used in marker assisted selection when they 
segregate in other populations.   
Other projects include the development of a QTL mapping method that directly 
incorporates the nonlinear function with a random effect for the QTL and a method of accounting 
for the heteroscedastic errors.  There are also additional traits that could be investigated using this 
data set.  Root lodging, gap effects, and disease notes were taken.  The effect of these on kernel 
growth and development could be modeled.  Other traits such as kernel quality traits could also 
be modeled using this data set.  Finally, investigating the effect of reducing the number of 
samples taken to allow for an increase in the population size would be useful.   
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